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A New Internet Public Opinion 
Evaluation Model:
A Case Study of Public Opinions 
on COVID-19 in Taiwan
Sheng-Tsung Tu, Ming Chuan University, Taiwan

Louis Y. Y. Lu, Yuan Ze University, Taiwan

Chih-Hung Hsieh, Yuan Ze University, Taiwan

Chia-Yu Wu, Yuan Ze University, Taiwan

ABSTRACT

This research retrieved public opinions on the novel coronavirus pandemic with the aid of the 
DiVoMiner. The data were collected by setting keywords via qualitative comparative analysis (QCA) 
and automated computational approach, and the collected data were analyzed subsequently. The present 
study divided keyword collections into three categories, namely the name of diseases, government 
policies, and COVID-19 events. It was found the retrieved internet public opinions on COVID-19 were 
the largest in number and contained the least noise when the three categories of keywords appeared at 
the same time. Therefore, the data of internet public opinions = the name of diseases × (government 
policies + COVID-19 events). This research found that an event that happens daily will affect the 
number of internet public opinions on social media and forums after it has been reported. The strong 
negative emotion conveyed through the internet public opinion may turn into a positive one if the 
event is dealt with properly after positive focus words represent the same proportion as negative ones.

Keywords
Automated Computational Approach, COVID-19, Divominer, Internet Public Opinion, Qualitative Comparative 
Analysis

1. INTRODUCTION

In December 2019, cluster infection of unidentified COVID-19 occurred. A novel coronavirus, which 
can spread across species and through human-to-human contact, was isolated and sequenced, which 
was named “severe acute respiratory syndrome coronavirus 2 (i.e. SARS-CoV-2). On February 11, 
2020, the World Health Organization (WHO) officially named the severe infectious pneumonia caused 
by this virus Coronavirus Disease-19 (i.e. COVID-19). Due to its rapid spread and inevitable high 
infectivity, it has been classified as a major infectious disease by WHO. It has spread to 185 countries 
and regions (Di Gennaro et al., 2020). As of November 10, 2020, there were a total of 50,913,451 



International Journal of Big Data and Analytics in Healthcare
Volume 6 • Issue 2

2

confirmed cases worldwide, resulting in 1,263,089 deaths according to the COVID-19 dashboard of 
Johns Hopkins University.

In the modern society that features information explosion, people are becoming increasingly 
dependent on the Internet. Against this background, the young are more willing to voice their opinions 
on the Internet, commenting on news, responding to the posts on social media, and participating in 
discussion on a forum. Thus, their remarks about an event can be regarded as Internet public opinions. 
Internet users’ increasing adherence to the Internet enables the authorities to promote their policies 
via social media and traditional news media to regard social media like Facebook and Youtube as a 
platform to disseminate information.

The Taiwanese authorities took the lead in COVID-19 prevention because of an article posted 
on PTT Gossiping. On December 31st, 2019, the Internet user “nomorepipe” published the article 
“Suspected SARS Coronavirus Cluster Infection Broke out in Wuhan?” The netizen posted a test 
report concerning the coronavirus by Li Wenliang, who is claimed Coronavirus Whistleblower doctor. 
The article led to heated discussion, which drew the attention of the Centers for Disease Control and 
Prevention (CDC). Therefore, Taiwan initiated its epidemic prevention in January 1, 2020, which 
was earlier than other countries and regions across the world.

In brief, the present study aimed to use DiVoMiner to retrieve the data about Internet public 
opinions on COVID-19 between December 31, 2019, the time when public opinions on COVID-19 first 
appeared, and June 7, 2020, the time when Central Epidemic Command Center (CECC) “unsealed” 
Taiwan. Afterward, QCA and ACA were employed to set the keywords that were used to retrieve 
and analyze data, expecting to clarify the following questions:

1. 	 How many reports and discussions about COVID-19 are there on the Internet, including news 
media, social media and forums?

2. 	 What are the words that Internet users choose to comment on COVID-19 events?
3. 	 How do the emotions that the Internet public opinions on COVID-19 convey change?
4. 	 Is there a correlation between the numbers of public opinions about COVID-19 on different 

media?

2. INTERNET PUBLIC OPINIONS

Compared with traditional media, the Internet has fewer limitations caused by carriers. Moreover, 
the Internet gradually changes the way of information transmission: the information was previously 
disseminated from “one to one” and “one to many”, but now it is transmitted from “many to many”. 
On the other hand, the information flow on the Internet spreads fast but gets insufficient management. 
As for public opinions, they are complicated and may be antagonistic to each other. Worse still, 
readers’ subjective judgment during information dissemination makes the media unable to play the 
role of “gatekeeper” like before. As a consequence, the authenticity of information on the Internet 
cannot be guaranteed. In this context, a great deal of ever-flowing information inevitably includes 
false and unconfirmed one. Therefore, opinion leaders may take Internet users to a wrong direction, 
and some even deliberately take public opinions to a direction that helps them achieve their goals 
(Huang Wei, Li Rui, & Meng Jialin, 2015).

Previous researches on “Internet public opinions” have defined it. Overall, Internet public opinions 
can be deemed as the emotions, ideas, opinions, attitudes and social influence that a netizen1 has 
toward a social problem, public event, ideology, and morality with the Internet as the carrier and an 
event as the core. The rapid spread of Internet public opinions exerts a great impact on many aspects 
of social life. With the rapid development of the Internet, Internet public opinions form quickly and 
its social influence is getting increasingly larger. The influence of Internet media has far exceeded 
that of traditional media, such as newspapers, radio and television, which makes it hard for traditional 
media to continue its development. Therefore, traditional media has been undergoing adjustments. 
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As well, Internet public opinions change its way of presentation rapidly. In the initial stage, they 
were mainly manifested in news reviews, PTT forums, comments, and reposts. They are now mainly 
presented via Facebook and Instagram.

In fact, public opinions on the Internet are similar to that in real world, and the remarks and deeds 
of opinion makers on the Internet and in real world are both similar and different. In reality, residents 
can be classified into different classes, social groups or interest groups. In the Internet society, netizens 
participate in different online communities according to their own interests, preferences, and values. 
The difference between the two lies in the fact that in the Internet society, netizens have no labels that 
they bear in real world. No matter what role they play in real world, they can equally express their 
opinions on the Internet in an anonymous manner. The equality between communication subjects 
on the Internet also brings to an end the era of discourse monopoly between the government and the 
media. Due to the obstacles from society as well as cultural and ideological influence, people are often 
unable to express their emotion, wish, dissatisfaction and anger in the real world. The anonymity of 
netizens on the Internet provides them with the opportunity to express the dissatisfaction that they 
have experienced in the real world. This way, Internet public opinions come into being. Moreover, 
some Internet public opinions will affect the real society, causing the reaction of social subjects, such 
as Mass Protest over Corporal Chung-Chiu Hung, Jasmine Revolution, the Arab Spring events, etc.

The literature review reveals multiple problems as follows:

1. 	 Data from Limited Number of Websites: Some of the previous researches on big data often 
wrote web crawlers through word patterns and programs to retrieve data from specific websites. 
This way, relevant data only come from given websites, which may cause research inaccuracy 
and loss of reliability and validity unless a research aims to measure the public opinion of given 
websites or Internet forums.

2. 	 Problems about Setting Keywords: Previous researches in this field often used a single keyword 
or keyword combination (usually four to five keywords) to retrieve data about public opinions. 
However, if researchers set keywords this way, they tend to obtain noise data, which necessitates 
time-consuming data collation. Research on Internet public opinions values efficiency, while 
data collation may lead to the loss of timeliness that public opinion evaluation requires.

3. 	 Excessive Intervention: At the initial stage of the evaluation of Internet public opinions, trained 
coders conducted data coding and emotional judgment in some researches. Compared with 
computer-based calculation, manual judgment unavoidably causes judgmental inaccuracies, 
thus resulting in judgmental errors. In this respect, the computer-based calculation has greater 
chance to improve the overall accuracy of Internet public opinion evaluation.

3. METHODOLOGY

3.1 Computer-Based Calculation
Natural language processing (NLP) of machine learning enables computers to automatically analyze 
massive data, including trend analysis, emotional analysis, and breaking-down-sentence analysis. 
Therefore, this research employed DiVoMiner to structure the data of different sources through 
rigorous analysis and a reliability monitoring mechanism. This way, all the data were gathered in 
a single platform for internal auditing and filtration, after which rigorous content analysis method, 
which involves real-time coding, examination, monitoring and presentation, was utilized to visualize 
the data and conduct valuable semantic analysis at the same time. This way, this research obtained 
a report that has insights and facilitates decision-making. At present, DiVoMiner collects data from 
major news platforms, forums, PTT, Facebook, Instagram, Youtube, etc.

The semantic machine learning model having been introduced into DiVoMiner, the textual mining 
and analysis platform can not only be used for manual coding, but also for machine learning coding, 
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multidimensional analysis, analysis of the correlation between multiple variables, cross analysis, 
regression analysis, statistical verification, and the creation of word clouds. DiVoMiner also has a 
complete mechanism that monitors coding performance, which enables it to control the efficiency 
and accuracy of sampling. In addition, DiVoMiner adopts different inferential statistical methods to 
verify the representativeness of the results.

3.2 Keyword Setting
In the present study, keyword combinations consisted of three categories, i.e. the name of diseases, 
government policies, and COVID-19 events, which were analyzed via QCA.

QCA was a method published by the American social science scholar Charles C. Ragin in 1984. 
It was first proposed in 1987 (Rihoux, 2003; Dixon-Woods et al., 2005; Rihoux, 2006; Schneider & 
Wagemann, 2006), but it was not widely used until 1997 (Ragin, Shulman, Weinberg, & Gran, 2003). 
QCA, a method that integrates quantitative and qualitative research, features an analytical model of 
set theory. QCA is suitable for analyzing small- and medium-sized samples, while it has been used 
to analyze large-sized samples in a small number of studies; it has been compared with quantitative 
analysis like logistic regression, and the results obtained are almost the same (Grendstad, 2007).

QCA creates a truth table based on the dichotomy of “0” and “1” for the topic-related factors. 
The appearance of the code 0 means the absence of representative factors whereas the appearance of 
the code 1 indicates the existence of the representative factors. Afterward, Boolean Logic was used 
to figure out the configurations (Ragin, 1987), which provides a relatively objective basis for the 
explanation of cause-effect relations (i.e. causation).

When three factors are used for QCA, there are eight (23 = 8) combinations. For instance, X is 
a dependent variable, a, b, and c are independent variables; ab represents the combinations that a 
and b appear simultaneously, while ac represents the combinations that a and c appear at the same 
time. Therefore, X = ab + ac indicates that X is the connected set of the combinations ab plus the 
combinations ac. Meanwhile, it means that the dependent variable X will have the maximum, so 
the equation can also be represented as X = a * (b + c), indicating that a is the necessary factor for 
X (Ragin, 1999a; Ragin, 1999b; Rihoux, 2006). Thus, it means that the appearance of the factor a 
inevitably will result in the emergence of the dependent variable X.

QCA is a qualitative research method, which necessitates full discussion based on relevant data 
when researchers select factors and conduct coding. Moreover, whether the obtained results are 
proper should be discussed as well. An advantage of QCA is that it provides a systematic analysis 
of complicated and massive qualitative data. In addition, researchers obtain consistent equation as 
long as the researchers use the same variable for analysis and the same coding. Therefore, QCA has 
the characteristics of universal applicability and extrapolation, and reaches a level that qualitative 
research could not achieve before (Rihoux, 2003; Rihoux, 2006). Moreover, QCA can not only verify 
regular combinations found in existing researches, but also find out accidental or abnormal factors.

Regarding the name of diseases, keyword setting experienced two stages. First, academic terms 
related to Wuhan pneumonia that appeared in relevant reports both home and abroad were measured, 
such as Wuhan pneumonia, novel coronavirus, nCoV, novel coronavirus 2019, 2019-nCoV, severe 
infectious pneumonia, novel coronavirus pneumonia, NCP, COVID-19, and novel corona pneumonia. 
Subsequently, the keywords used for the first measurement were modified, after which they were 
discussed by experts and scholars of the related fields. The keywords were finally set after data 
cleaning.

The keywords obtained after data cleaning were as follows:

Wuhan pneumonia or novel coronavirus or nCoV or 2019 novel coronavirus or 2019-nCoV or severe 
special infectious pneumonia or novel coronavirus pneumonia or NCP or COVID-19 or novel corona 
pneumonia or MERS or severe special infectious pneumonia.
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As for the keyword combinations of government policies, they were set based on the categories 
and keywords listed on the COVID-19 epidemic prevention network established by the CECC. The 
keywords were as follows:

1. 	 Community-based Epidemic Prevention: Home quarantine or delaying the start of school or 
epidemic prevention care leave or autonomous health management or travel history or contact 
history or centralized quarantine or large-scale rally or “epidemic prevention” hotel or “epidemic 
prevention” taxi or social distancing or body temperature measurement or wearing masks or 
closing business or control of the flow of people or new life under “epidemic prevention” or 
real-name system or real-name registration.

2. 	 Border policy: Boarding quarantine or travel epidemic or Arrival Health Declaration Form or ban 
on entry or visa control or flight dedicated to Taiwanese businessmen or entry ban or prohibited 
entry or transfer prohibited or Taiwan-bound flight or opening dedicated flights or monitoring of 
the flow of people or negative or airport inspection or airport quarantine or Chinese nationality 
or conditional access to Taiwan or overseas students.

3. 	 Supplies: Epidemic prevention items or restricted exports or Mask National Team or masks or 
Mask Real-Name System or alcohol or mask map or real-name masks or mask 2.0 or eMask the 
Name-based System for Mask Purchasing or opening exports.

4. 	 Relief or compensation policy: Special Act for Prevention, Relief and Revitalization Measures 
for Severe Pneumonia with Novel Pathogens or relief or epidemic prevention compensation or 
relief scheme or living allowance.

5. 	 Control of medical institutions: Restrictions from going abroad or group gatherings or access 
control or personnel control or easing control.

6. 	 Inspection / Research & Development (R & D) Policy: Remdesivir or vaccine or quarantine 
or inspection or self-paid examination.

The keyword combinations for COVID-19 events were set based on relevant news media reports. 
The keyword combinations that appear in aforementioned categories will not be included in this 
category, such as masks, relief policies, etc.

1. 	 Delaying the Start of School: (Senior high school and below and delaying the start of school) 
or (colleges and delaying the start of school) or (Students from Chinese mainland and delaying 
the arrival in Taiwan) or (Students from Hong Kong and Macau and suspending entries) or 
epidemic prevention care leave or soothing schooling program.

2. 	 Flight dedicated to Taiwanese businessmen: Flight dedicated to Taiwanese businessmen in 
Wuhan or Flight dedicated to Taiwanese businessmen or evacuation flights or evacuation flights 
from Wuhan.

3. 	 Religious activities: Mazu or Baishatun Mazu or Dajiama or Dajia Mazu or Baishatun Gongtian 
Palace or Dajia Zhenlan Palace or Pilgrimage or Mazu circumnavigation activity.

4. 	 Hoarding: Hoarding or rushing to purchase goods or panic buying or storing up food or 
replenishing or hoarding masks or hoarding food or rushing to buy toilet paper or toilet paper.

5. 	 Dunmu fleet infection: Dunmu fleet or confirmed cases on a navy warship or Panshi Fleet.

The above three keyword combinations were used to make a truth table through QCA, as shown 
in Table 1.

In the present research, QCA was conducted. It was found that X, the data about Internet public 
opinions on COVID-19, can be calculated by the following equation:

X = the name of diseases × (government policies + COVID-19 events)	
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Consequently, the keywords used to retrieve data include two categories; one is the name of 
diseases while the other is about government policies and COVID-19 events. After the keyword 
combinations were confirmed, the evaluation of the present study was conducted based on the 
keyword combinations.

4. RESEARCH RESULTS

This study retrieved 1,696,010 articles related to COVID-19 from the DiVoMiner database of Internet 
public opinions. The first article, titled “Suspected SARS coronavirus cluster infection broke out in 
Wuhan?”, appeared on PTT gossiping on December 31st, 2019. The Internet user named nomorepipe 
posted a test report concerning the novel coronavirus by Li Wenliang, who is claimed Coronavirus 
Whistleblower doctor. The article resulted in heated discussion, which attracted the attention of 
Taiwan’s Centers for Disease Control and Prevention (CDC). As a result, Taiwan initiated its epidemic 
prevention on January 1, 2020, which was earlier than other countries and regions across the world. 
Despite the effort, Taiwan had the first confirmed COVID-19 case, which was overseas imported, 
on January 21, 2020, and the first local COVID-19 case on January 28, 2020.

Among the 1,680,899 articles related to COVID-19, 65.09% were published on news media (n = 
1,094,044), 29.66% came from social media (n = 498,562), and 5.25% from forums and discussion 
boards (n = 88,293). Of 498,562 articles from social media, a dominant majority were published 
on Facebook (91.49%; n = 456,113), and merely 8.51% came from Youtube and Intargram (n = 
45,449). Regarding news media, an average of 6,838 reports and discussions about COVID-19 (range 
0-14,088) were published, while on social media, there were 3,116 posts, reposts, and discussions 
about COVID-19 (range 0-6,359). As for forums and discussion boards, an average of 552 articles 
and discussions about COVID-19 (range 0-1,210).

Regarding the number of Internet public opinions on COVID-19, as of January 19, the number 
of public opinions was less than 1,000 each day. However, Taiwan expanded its epidemic prevention 
area to airports on January 19 because it had 4 suspected cases on January 17, 2020. Since January 
20, 2020, the number of Internet public opinions has exceeded 1,000 each day. Therefore, January 20 
can be regarded as the starting point for the drastic growth of Internet public opinions on COVID-19.

On the other hand, since January 28, on which Taiwan had the first confirmed local case, the 
number of public opinions about COVID-19 reached the peak (i.e. 10,722) on news media on January 
30. Moreover, the increase in the number of public opinions took on a regular pattern. During the 
weekdays, the number of Internet public opinions on news media all exceeded 10,000. On weekends, 
the number was all greater than 6,000. The changes in the number are presented in Figure 1.

Further analysis found that when a relatively large number of Internet public opinions is often 
attributed to the occurrence of an event, which results in a surge in Internet public opinions on the 
same day or the next few days. For instance, the highest point for the number of Internet public 
opinions on COVID-19 on a day appeared on March 19 (n = 21,511) because “hoarding chaos” 
happened on the same day.

Table 1. A truth table for covid-19 keyword combinations

Code 1 2 3 4 5 6 7 8

Name of diseases 0 1 1 1 1 0 0 0

government policies 0 1 1 0 0 1 1 0

COVID-19 events 0 1 0 1 0 1 0 1

Source: collated by the present study
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During the epidemic, “hoarding as soon as possible” went viral on the Internet, which led a 
massive number of people to rush to purchase daily necessities. On March 19, an Internet user named 
tombknight asked about the necessity of hoarding on PTT gossiping (Figure 2 and 3). In the post, 
tombknight mentioned that the elderly asked the family to store a-month-worth food and withdraw 
deposits from banks. The post did not trigger much discussion, and a majority of the comments 
showed that they did not believe that it was necessary to do so.

The analysis of keywords can reveal the event that netizens discuss on the Internet or the words 
that news media use in their reports during the COVID-19 pandemic. The words mentioned the most 
frequently include the name of the disease, such as Wuhan pneumonia (n = 2,555,411) and novel 
coronavirus (n = 1,281,097), the official organization, such as the Central Epidemic Command Center 
(CECC) (n = 2,330,279), and the name of hard-hit countries, like China (n = 441,844) and America (n 
= 333,058). The words on word clouds were frequently brought up during the COVID-19 pandemic, 

Figure 1. Tendencies for internet public opinions on covid-19 (Compiled by the present research)

Figure 2. Hoarding-related post on March 19 (Compiled by the present research)
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as shown in Figure 4, and the top 20 words that often appear in the Internet public opinions on the 
COVID-19 pandemic are listed in Table 2.

Emotional analysis of the Internet public opinion on COVID-19 reveals the emotions that netizens’ 
opinions convey, as shown in Figure 5. COVID-19 was called Wuhan Pneumonia in the beginning, 
which caused netizens’ negative emotions to remain intense. With the decrease of confirmed cases 
in Taiwan, their negative emotions was getting less intense from the peak (84.18%, n = 165). On 
the other hand, officials and soldiers on Dunmu Fleet, a navy warship, were confirmed infected 
between March 18 and March 23, which caused negative emotions to intensify (greater than 50%). 
Subsequently, the pandemic was taken under control, and on May 3, no confirmed cases was found 
for the first time since March 23. On May 4, the lines of the proportions for the words used to convey 

Figure 3. Hoarding-related post on March 19 (Compiled by the present research)

Figure 4. Word cloud for the keywords in internet public opinions on Covid-19 (Compiled by the present study)
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Table 2. The top 20 keywords in internet public opinions on COVID-19

Keywords about Internet Public Opinions on COVID-19 Count (n)

Wuhan pneumonia 2,555,411

CECC 2,330,279

Novel coronavirus 1,281,097

Epidemic prevention 667,416

Definitive diagnosis 509,752

Government 470,083

The whole globe 458,540

The public 442,113

China 441,844

Masks 435,606

Influence 401,607

Infection 392,776

Measures 371,398

America 333,058

Work 321,279

Hygiene 317,455

Cases 292,979

Quarantine 279,158

Health 276,610

International 272,476

Source: Collated by the present study

Figure 5. Emotions in internet public opinions on COVID-19 (Compiled by the present study)
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positive (38.69%, n = 3,349) and negative (37.75%, n = 3,268) emotions crossed; in other words, 
their percentages equaled. Since that, the positive emotions remained stronger than the negative one 
until June 7, the finishing time of the present study, so the ratio of P to N remained greater than 1.

Moreover, the emotions in the public opinions on COVID-19 were categorized based on time 
periods2, which are made into perceptual maps3, as shown in Figure 6. It can be found that during 
the first period, the emotional perception fell in the third quadrant, which was small in the number of 
public opinions and low in the ratio of P/N, for the epidemic was not clear and COVID-19 was named 
Wuhan pneumonia in this phase. Between the second and fourth periods, the emotional perception 
mainly fell in the fourth quadrant, which is large in the number of public opinions and low in the ratio 
of P/N, for the epidemic was becoming worse and the events like “mask chaos” and “hoarding chaos” 
happened. In the fifth period, the emotional perception fell in the second quadrant, which was small 
in the number of public opinions and high in the ratio of P/N because the COVID-19 pandemic was 
taken under control in Taiwan, so the emotions were positive and the discussion about it decreased.

As shown in Table 3, further analysis of the emotions in the posts on news media, social media 
and discussion boards, can be found that news media were in a relatively neutral position (P/N = 0.92) 

Figure 6. Emotional perception of the internet public opinions on COVID-19 (Compiled by the present study)

Table 3. Emotions in internet public opinions on COVID-19 on different media

Variables Positive, n (%) Neutral, n (%) Negative, n (%) P/N ratio

News 
(n = 867,647) 312,814 (36.05) 216,422 (24.94) 338,411 (39.00) 0.92

Social Media 
(n = 476,766) 143,085 (30.01) 71,126 (14.92) 262,555 (55.07) 0.54

Forum 
(n = 79,886) 16,213 (20.30) 24,510 (30.68) 39,163 (49.02) 0.41

Total 
(n = 1,424,299) 472,112 (33.15) 312,058 (21.91) 640,129 (44.94) 0.74

Source: Compiled by this study
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when reporting COVID-19 events. As for social media, although news media repost their reports 
on their social media account, Internet users conveyed stronger negative emotions on social media, 
for they are able to freely comment on the post. With regard to the discussion board, netizens often 
send radical posts or comments, so its P/N was 0.41, indicating that stronger negative emotions were 
seen on the discussion board.

Furthermore, the analysis of the replies to some comments found that suspected netizens from 
Chinese mainland participated in the reply. One reply read, “Our Taiwan of China should have faith in 
the authorities. Everything will be fine.”, as shown in Figure 7 and 8, while the other read, “Thanks, 
Taiwan Province of China”, as shown in Figure 10 and 11. When these two posts appeared, Taiwanese 
netizens flocked to comment on the posts.

The identities of the two suspected Chinese netizens were analyzed, and it was found that they 
might be part of the Chinese cyber army, as shown in Figure 9 and 12. The Twitter accounts of a cyber 
army have two characteristics: one is that the account has few friends, while the other is that their 
posts are sent during office hours (Hsin-Chang Jian, & You-Ju Li, 2019). The profile of the above 
two accounts and the time when their posts were sent conform to the above two characteristics. That 
is why the present study presumes that they are part of the Chinese cyber army.

The present study conducted correlation analysis, expecting to explore the correlation between 
different media, as shown in Table 4. The Pearson correlation analysis revealed that the correlation 
coefficients fell between 0.842 and 0.954, indicating highly positive correlations between the media. 
In addition, it can be found that when the number of Internet public opinions on COVID-19 increased 
on a media, the number on the other two showed a similar tendency.

Figure 7. The posts sent by a suspected account of the Chinese cyber army (Compiled by the present research)
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Figure 8. The posts sent by a suspected account of the Chinese cyber army (Compiled by the present study)

Figure 9. An account suspected to be part of the Chinese cyber army (Compiled by the present research)
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5. CONCLUSION

The analysis of Internet public opinions on COVID-19 reveals that the public opinions mainly appear 
on news media, which is followed by social media like Facebook, Youtube, and Instagram, and forums 
respectively. During the research period, there were an average of 6,838 reports and discussions 
about COVID-19 on news media. Since January 30, 2020, on which the first peak of the number of 

Figure 10. The posts from a suspected account of the Chinese cyber army (Compiled by the present research)

Figure 11. Posts sent by a suspected account of the Chinese cyber army (Compiled by the Present Study)
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public opinions appeared, the Internet public opinions on COVID-19 presented a regular pattern. On 
weekdays, the number of public opinions on news media exceeded 10,000, while the number exceeded 
6,000 on weekends, for related organizations conducted press conferences and made announcements 
when the COVID-19 pandemic began, which influenced the reports of news media.

The analysis of the keywords related to the COVID-19 pandemic revealed that the focus words 
were highly related to COVID-19, either in the reports of news media or on the discussion board, 
such as Wuhan pneumonia, CECC, novel coronavirus, epidemic prevention, and definitive diagnosis.

Further analysis of the emotion conveyed by keywords revealed that some words had been deemed 
as ones that convey negative emotions like Wuhan pneumonia, but they appeared in COVID-19 
posts that conveyed both positive and negative emotions. Therefore, it can be regarded as a word 
that convey neutral emotions.

In terms of the emotions of public opinions on COVID-19, focus words used to convey negative 
emotions accounted for 84.18% because COVID-19 is a worldwide pandemic and the virus was first 
believed to originate from China. The lines of the percentages for the focus words that convey positive 
and negative emotions crossed on May 4, 2020, because Taiwan gradually took under control the 

Figure 12. A suspected account of the Chinese cyber army (Compiled by the present study)

Table 4. Correlation between internet media regarding tendency of public opinions

Media News Social Media Forums

News - 0.954** 0.842**

Social Media 0.954** - 0.941**

Forums 0.845** 0.941** -

** P<0.01
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COVID-19 pandemic, and the confirmed cases only occurred in a small scale, either for overseas 
exported cases, local cases or for cluster infections on Dunmu Fleet. Subsequently, the percentage of 
the focus words that convey positive emotions remained higher than that of negative ones between 
May 5, 2020 and June 7, 2020, the time when CECC announced “unsealing Taiwan”, and the ratio 
of P to N remained greater than 1.

Lastly, the peaks of the number of Internet public opinions on COVID-19 were compared with 
relevant events, showing that the events, such as the occurrence of confirmed cases, rushing to purchase 
masks, and hoarding chaos, all increased the discussion on COVID-19 online. The correlation analysis 
revealed that news media, social media and forums were highly positive correlated. Therefore, it can 
be concluded that COVID-19 events affect the changes in the number of Internet public opinions.
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ENDNOTES

1 	 Netizen refers to the person who initiates and participates in the activities that form public opinions. It 
was proposed by Michael Hauben, who believes that netizens are a group of Internet users who have a 
community consciousness and behavioral connections with each other. “Community” here is not defined 
by the general sense of geographical areas.

2 	 This research divided the periods of Internet public opinions based on times. The first period fell between 
December 31 and January 31, the second fell in February, the third fell in March, the fourth fell in April, 
and the fifth fell between May 1 and June 7.

3 	 The X-axis of the perceptual map presents the tendency of the public opinion while the Y-axis stands 
for the ratio of P to N. The average number of public opinions (n = 10,600) and the neutral emotion P/N 
equals to 1, which was set as the origin of the coordinates, and accordingly, other related values were 
used to set coordinates and made into perceptual maps.
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ABSTRACT

Rapid incremental growth in population increases the virulence of infectious diseases worldwide. 
Due to this, health hazards with population growth raise pollution in the air, water, and soil and affect 
the immunity of individuals. To handle the situation, reliable and easy-to-reach healthcare services 
are required. The proliferation of connected technologies along with the internet of things (IoT) are 
providing modern healthcare with extensive care. All-pervading IoT technology is gaining attraction 
nowadays. This paper presents a brief about the e-healthcare system along with its framework. This 
attempt also presents the ontology approach as data produced by healthcare applications is vast and 
unstructured and needs to be organized into a proper format with a smooth flow of data to result in 
less request-response time. Further, this paper discusses the impact of disease on senior citizens in 
the current scenario.

Keywords
Dataset, Diseases, Elderly People, Healthcare System, Infections, IoT, Ontology, OWL, Risk Factors, URI

INTRODUCTION

A reliable and prompt E-healthcare system is the immense requirement of today’s scenario. The world 
is facing a pandemic COVID-19(Coronavirus Disease-19) (Recalcati, 2020) situation and exploring 
the possibilities to find out the related vaccine as soon as possible. As this disease has symptoms like 
fever, fatigue, cough, anosmia, ageusia, and human to human transfer, though no standard vaccine 
has evolved to date. Studies show that senior citizens are at high-risks of attacked by COVID-19 as 
their immune system is low. It is difficult for them to go to hospitals and labs for a routine health 
check-up or in an emergency. An E-healthcare system (electronic healthcare system) (Maglogiannis, 
2009) requires that we can collect all the data of patients, doctors, nurses, and other actors directly 
related to healthcare. Data can be gathered from hospitals, labs, and sometimes from sensors attached 
to patient’s bodies or nearby bodies. At the data acquisition layer, data should be acquired from a 
meaningful perspective so that it can be re-used without less filtration process. Analysis of that 
data is necessary to find out the existence of any disease. Various E-healthcare record systems are 
overviewed in (Yadav et al., 2018). The Internet of Things (IoT) has already endowed its application 
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as a smart healthcare system or intelligent healthcare system sometimes termed as IoMT (Internet of 
Medical Things). IoMT is a collaboration of medical things and applications to provide connectivity 
to healthcare systems over the internet. IoT helps to access healthcare data quickly for large scale 
applications. This paper is organized as follows. Section II provides some related works. Section 
III presents IoT healthcare systems and Risk factors for elderly people. Section IV describes the 
framework of IoT healthcare system and related methodology. Section V presents research findings 
from the current scenario related to Covid19. The final section concludes our study.

LITERATURE REVIEW

Tun et. al (2020) discussed an overview about 11 different applications of IoT and wearables like 
aged care monitoring, chronic patient healthcare monitoring, the clinical applications, emergency 
conditions, mental health, and others to supervise healthcare of senior citizens and pointed out 
clinical point of view in comparison to technology point of view. Authors Lee et al., (2020) focused 
on older people and people with disabilities, caregivers, and healthcare providers with the help of a 
face-to-face questionnaire. The authors mentioned that discrepancies are still present in the current 
scenario related to the requirement of IoT healthcare services. As people require these technical 
services mostly in emergencies as well as persons with mild disabilities. In Pinto et al., (2017) a 
complete IoT healthcare system has been provided for monitoring the health life of elder persons 
and trigger alarm in case of any emergency. A wrist band is used by an elder person can collect data 
and send it to the We-care server with the help of a 6LoWPAN protocol. An Elderly IoT healthcare 
system is proposed in Park et al., (2017) where authors focus on brain stroke issues. Parameters like 
blood pressure, pulse rate, sugar level, oxygen level, motion tracking are tracked in senior citizens 
via wearable devices to control any emergency. Ray et. al (2014) proposed a five-layered framework 
named home health hub IoT (H3IoT) for elderly people who are in a homely environment. Basanta 
et. al(2016) presented solutions for monitoring the health of elder citizens with the integration of IoT 
technology. Authors have presented their health issues in older natives related to physical disability 
and severe psychological depressions.

Related work mentioned in [14-23] is that the organization of congregate data is one of the focal 
challenge as most data is available in a heterogeneous format. A semantic and flexible data model 
is required to give a smooth flow in data. For this, ontology is used to explain the properties of a 
domain by describing concepts and relationships among entities of the domain. Entities in IoT like 
IoT devices, IoT applications, users, developers are not able to use homogeneous platforms all the 
time, so ontologies provide a consistent and formal representation of data among these entities. Here, 
semantic web comes into the picture. According to the World Wide Web (W3C) - the “semantic web 
provides a common framework that allows data to be shared and reuse across applications enterprise 
and community” [24]. Semantic web technologies like- Resource description framework (RDF), Web 
Ontology Language (OWL) are used to link data over the web in such a way so that machines can 
understand and manipulate data. The semantic web in the IoT field sometimes referred as the semantic 
web of things (SWoT) is responsible for representing and describing the things on the web via Uniform 
Resource Identifier (URI) or Internationalized Resource Identifier (IRI) and relationship is defined 
among these things by RDF [25]. Ontology provides domain knowledge and standardization as well 
as codification of that knowledge in a machine-understandable format so it can be reused by people, 
databases, and applications [26]. According to the W3C consortium, the Semantic web can be used 
to integrate varied data in one seamless application, as it provides a common framework that allows 
the sharing and reusing of data on the web. Ontology opens new ways of data integration and analysis 
in the IoT healthcare system where diverse data can be expressed and amalgamated by using some 
ontology languages like ontology web language (OWL) and resource description framework (RDF).

In [27] author discussed a semantic middleware data model to integrate IoT healthcare information 
systems to electronic healthcare records (EHR) with the help of ontology. Two components, semantic 
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Table 1. Comparison of technologies and methodologies identified as a solution for diseases in the existing scenario

S.No Existing 
Proposed Model

Identified 
diseases Methodology Used Process Flow Data collection methods Factors still 

unexplored

1.

The IoT-based 
heart disease 
monitoring 
system for 
pervasive 
healthcare 
service. (2017)
(Li et al., 2017)

Heart diseases 
(blood pressure, 
ECG, heart rate, 
pulse rate, blood 
glucose, SpO2, 
and blood fat)

Based on data 
acquisition and data 
transmission.

A Prototype can 
monitor the patient’s 
physical parameters 
and transmit them. The 
Smartphone is used 
as a connector and a 
web-based application 
is used for doctors to 
monitor data.

Parameters and frequency 
of parameters are designed 
after interviewing medical 
experts. 
Physical signals are 
collected via various 
sensors. 
ECG-128Hz (Sampling 
frequency) 
BP-2seconds 
SpO2-2sec

Not considered 
for the elderly age 
group

2.

Internet of 
things–based 
personal device 
for diabetes 
therapy 
management in 
ambient assisted 
living (AAL). 
(2011)(Jara et al., 
2011)

Diabetes mellitus 
in elderly people

Based on therapy model 
including technologies- 
RFID, 6LoWPAN

Self-monitoring 
operation is referred 
for blood glucose. 
Information is received 
through instructions 
by doctors and nurses 
at home.

Diabetes Information 
System from internet

Not defined any 
security

3.

An E-health 
system for 
monitoring 
elderly health 
based on Internet 
of Things and 
Fog computing 
(Hassen et al., 
2019)

Physiological and 
general parameters 
like – ECG, Body 
temperature, 
BP, oxygen 
level, pulses are 
collected

Proposed an 
e-healthcare system for 
elder people. 
Based on IoT and Fog 
computing.

Data is analyzed as 
well as stored and send 
to the cloud via REST 
API. The resulting 
feedback is found 
high after providing 
awareness users.

Used the HW V2 platform 
and an android app for fog 
computing.

Not focused 
on any specific 
disease

4.

Identifying risky 
environments 
for COPD 
patients using 
smartphones and 
the internet of 
things objects. 
(2014) (Kouris 
& Koutsouris, 
2014)

Chronic obtrusive 
pulmonary disease 
(COPD)

Based on the data 
processing scheme and 
cloud-hosted services.

Successfully identify 
risky environments on 
a small scale. 
Sensors are deployed 
around patients so that 
data can be received 
through a smartphone.

MATLAB, WEKA, 
wearable devices using 
Arduino

Not focused on 
elderly

5.

Smart Portable 
Monitoring 
Device for 
Asthma Patients 
(2016) (Abinayaa 
& Raja, 2016)

Asthma disease

The proposed system is 
used to track real-time 
data of asthma patients 
and instructions are 
delivered by medical 
staff accordingly. 
Based on android 
application software and 
a Wi-Fi module.

Real-time data of 
asthma disease like- 
body temperature, 
Air pressure, Carbon 
Dioxide are tracked 
and get instructions by 
doctors.

Temperature sensor, 
accelerometer, Rpi 2 card. 
Real-time data collection 
of patients.

Not focused on 
elderly

6.

Remote health 
monitoring 
of the elderly 
through wearable 
sensors (2019) 
(Al-Khafajiy et 
al., 2019)

Physiological and 
general parameters 
are collected for 
senior citizen in 
Ambient Assistive 
Living (AAL) 
environment 
Parameters- 
oxygen saturation, 
pulses, BP

Proposed an (SW-
SHMS) smart health 
home-based monitor 
system to gather 
real-time data. Based 
on smart phone, 
technologies- ZigBee, 
Bluetooth, and wearable 
devices like- oximeter, 
smart watch

Faster response time, 
fewer packet drops, 
and low 
Real-time data 
gathered in patient’s 
layer, data send 
to cloud layer and 
Doctors will monitor 
patients’ data via 
hospital layer

Wearables, smartphone, 
heartbeat sensor, Arduino 
UNO device 
Real time data collection 
of patients via Wearables, 
smartphone, heartbeat 
sensor, Arduino UNO 
device

Not any specific 
diseases

7.

A diagnostic 
prediction 
model for 
chronic kidney 
disease in the 
internet of things 
platform (2020) 
(Hosseinzadeh et 
al., 2020)

Chronic Kidney 
Disease (CKD)

Data is collected 
using the IoT platform 
and then data mining 
algorithms is applied 
to predict CKD. Based 
on IoT platform and 
data mining algorithms 
SVM, Naïve Bayes

The decision tree 
algorithm gives the 
best result in terms of 
accuracy, sensitivity, 
and specificity in 
applying the dataset. 
Feature selection 
approach is applied 
on dataset for CDK 
prediction

Dataset 1- 
https://archive.ics.uci.
edu/ml/datasets/chronic_
kidney_disease

Not focused on 
elderly
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EHR triple store, and semantic IoT triple store are coupled in traditional semantic architecture 
where reasoning and querying are performed in EHR by OWL and some existing ontologies like 
SSN ontologies, Geo ontologies are used to represent sensor resources and data in IoT triple store. 
[28] proposed Wearable Healthcare Ontology (WH_Ontology) that aggregates data generated from 
wearable devices to create valuable knowledge and take the appropriate decision.

Though lots of literature work is exist for integration of semantic technologies and ontology 
in IoT healthcare systems but very limited studies are available for integration of ontology in IoT 
healthcare applications for senior citizens. In today’s scenario, this is a very prominent challenge that 
how data should be presented about aged people over the web, so that they can get quick and easy 
health care services to improve their lifestyle and physical as well as mental health. [29] presents 
a system named vINCI that provides personalized healthcare services of older adults by exploiting 
patient’s profile using ontologies which ensure good quality of life and automated monitoring for 
older people but lacking an approach of pre-processing of the initially stored data at an early stage, so 
that more clear ontologies can be developed. In current worldwide scenario, provision of vaccination 
is responsible for improved health and prevented 6 million death annually. Impact of vaccines in 
SARSCoV2 depends on three aspects (1) Health: Eradicate infectious diseases, Immunity; Cancer 
prevention, vaccine preventable diseases (2) Economic: Cost of Vaccine, Awareness Programme (3) 
Social: Strengthen healthcare and Empowerment of women.

This article proposed the architecture of an ontology-based IoT healthcare system for senior 
citizens where pre-processing of data is done at the network edge.

S.No Existing 
Proposed Model

Identified 
diseases Methodology Used Process Flow Data collection methods Factors still 

unexplored

8.

Adeniyi 
Onasanya, Maher 
Elshakankiri 
[Smart integrated 
IoT healthcare 
system for cancer 
care (2019)] 
(Onasanya & 
Elshakankiri, 
2019)

Cancer disease

Proposed IoT based 
healthcare framework 
is discussed for cancer 
patients, emphasis on 
cancer care services and 
business analytics and 
cloud services 
Based on IoT healthcare 
framework and cloud 
services

Framework solely for 
cancer care patients 
with treatment options, 
security aspects 
covered. 
Smart IoT-Enabled 
healthcare system is 
proposed with sensor 
layer, data layer, 
hospital layer and 
cancer layer.

IoT devices- sensors, 
actuators, WSN, IoT 
technologies- NFC, BLE, 
LPWA, ZigBee. 
Real time data collection.

Not focused on 
elderly

9.

Johannes Mae, 
Endra Oeyand 
Ferdian Stanley 
Kristiady[ IoT 
based body 
weight tracking 
system for 
obese adults 
in Indonesia 
using real-time 
database] 2020 
(Mae et al., 
2020)

Obesity

A system ” Digital 
weight scale” is 
implemented to monitor 
weight time to time with 
the use of IoT. 
Based on IoT and smart 
phone application is 
modified by digital 
weight scale.

The weight scale gives 
99% accuracy with 
real-time data and 40 
hours of usage 
Weight scale is used 
to measure weight 
and data upload to 
cloud and access using 
application.

A weight scale unit, 
smartphone applications, 
and real-time database 
Real-time database

Not focused on 
elderly

10.

Shah, S. T. U., 
Badshah, F., 
Dad, F., Amin, 
N., & Jan, 
M. A. (2019) 
[Cloud-Assisted 
IoT-Based Smart 
Respiratory 
Monitoring 
System for 
Asthma Patients] 
(Shah et al., 
2019)

Asthma

proposed a cloud-
assisted IoT-driven 
healthcare monitoring 
framework for asthma 
patients. Based on IoT 
services and cloud-
assisted healthcare 
system and feature 
extraction process

Remote monitoring 
of patients health and 
data analysis at cloud.

Simulation is done via VM 
as java based simulator, a 
virtual machine with Intel 
Core i3 1.7 GHz processor, 
3GB DDR ECC RAM, 
8MBPS bandwidth, and 
running windows server 
2012. 
Dataset- https://www.
physionet.org/content/
bidmc/1.0.0/

Not focused on 
elderly

Table 1. Continued
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IoT HEALTHCARE SYSTEM (IHS)

IoT is one of the emerging technologies that can be considered as a network of interconnected 
devices to share data with each other without the intervention of any human. It is believed that by 
2025 more than 21 billion devices will be connected in the entire world. The healthcare sector is 
one of the biggest sectors in IoT where devices are directly connected to the human body. IHS offers 
convenient healthcare services to patients and doctors at their places to diagnose a patient’s health 
and contains the information of patients, doctors, nurses, types of diseases. IHS works on layered 
architecture, consisting of data perception or data acquisition layer as a base layer where sensors are 
connected to the human body or nearby humans like smartwatches, smartphones, fitness trackers, 
smart clothing, and implantable [30].

These miniatures sense and track heartbeat, oxygen saturation level, body temperature, 
heart rate, pulses, and other activities going on in the body. Data collected at this layer will 
forward to mobile devices or directly to the cloud from where doctors can access that patient’s 
data and diagnose the health issues (Fig.1(a)). Cloud is a group of data centers, hosts, VMs, 
resources. Data centers hold various resources and lists of different applications to store the 
data. Integrating cloud in IoT healthcare opens new ways for rising technologies like Machine 
Learning, Artificial Intelligence, and data mining to analyze the data and drag valuable results 
from patient’s real-time data so that a quick and better decision can be taken at the right time. 
Figure 1(a)-(b) depicts a very basic healthcare system where information produced by sensors 
transmits to server and server then sends all data to the cloud. If processing is required, all data 
processing is done in the cloud and health care experts can retrieve the patient’s data from the 
cloud and give their feedback directly to patients.

Figure 1a. IoT Healthcare system

Figure 1b. Class representation in IoT healthcare
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HIGH RISK FACTORS FOR ELDERLY PEOPLE

Over the past few years, some foremost information communication technologies like- IoT, Big 
Data, Wireless Sensor Network (WSN), Cloud Computing, and Machine Learning (ML) have spread 
their roots in the sector of healthcare systems. Data generated by healthcare systems are available 
in varieties at very rapid speed and vast in nature. And concrete and useful information have to be 
digging out from this cosmic sea of data. These aforementioned qualities of data satisfy all the V’s 
like- volume, variety, viability, value, velocity, the validity of big data [4] so, healthcare data can be 
considered as Big data. Due to the gigantic nature of information, handling data in the healthcare system 
possess some challenges as large scale of data, processing of data, cost, interoperability, integration, 
security, and privacy [5,6]. Fig.1 presents the risk factor of diseases for infection in Elderly people 
with age group G1(65-74), G2(75-85), G3(>85). Risk factors for infection in the elderly people 
as mentioned in fig.1, are raised mainly due to infection in respiratory which causes diseases like 
bacteria, pneumonia, Influenza, Tuberculosis (chest, spine), and Nosocomial. Other infections like 
UTI (Urinary Tract Infections), Hepatitis(B-), Clostridioidies difficile, etc. which may deteriorate 
the health of elderly people and can badly affect organs for the proper functioning of the body. In 
current COVID 19 scenarios, the risk is very high for patients who are already suffering from cancer, 
kidney disease, COPD, obesity, diabetes, and cardiomyopathies. However, Coronavirus can badly 
impact the patients who are suffering from asthma, liver diseases, thalassemia, cystic fibrosis, and 
hypertension (high blood pressure).

As data Analysis and integration is herculean task so ontology-based services play an important 
role to collect, integrate, and interpret data to make better decisions. Healthcare data can be present 
and accessed in ontology via OWL (Web ontology language). Ontology provides a conceptual and 
categorical view of knowledge that is extracted from healthcare systems [7]. National Center for 
Health Statistics (NCHS) has categorized older adults in 3 groups as group 1: 66-74 years “Young-
old”, group 2: 75-84 years “Old-old”, group 3- 85 above years “The oldest-old”. In today’s scenario, 
the importance of the ontology approach as data produced by healthcare applications is vast and 
unstructured which needs to be organized in proper format with a smooth flow of data and also 
results in less request-response time. Ontology(O) presents a formal and explicit representation of 
terminology and installation. It is defined as:

O = TBOX + ABOX	 (1)

Figure 2. Highly risk factors for Elderly People
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where TBOX represents the Terminological Component, which is a conceptualization associated with 
a set of facts and ABOX presents the Assertion Component which contains assertions on instances.

In this equation (1), TBOX comprises eight tuples (C, ≤C, R, σR, ≤R, A, σA, T) which represents 
disjoint sets of C(concepts), R(Relations), A(Attributes), and T (Data Types). Further, ≤C represents 
concept hierarchy, ≤R relations hierarchy, σR represents relations signature which focuses on what 
concepts are involved in one specific relation of set R and represents attribute signature which takes 
the value of certain data type T. ABOX is an ontology installation in the form of Role and Instances.

These older adults face a reduction in their physical ability and having diseases like high blood 
pressure, blood sugar, asthma, chances to have brain stroke. This is the main challenge to take care of 
the well-being of older’ and to offer them intelligent healthcare systems by which they can monitor 
their daily routine and get instruction by healthcare providers at the accurate time to make better 
decisions. The objective and contribution of this article propose ontology for the wellbeing of senior 
citizens and pre-processing of heterogeneous data at an early stage that is edge network.

FRAMEWORK OF IoT HEALTHCARE SYSTEM

As demand increases for online healthcare services, it is necessary to develop a system with low 
cost, more reliability, and security. For this, a firm and smooth framework are required so that data 
transmission and reception at every layer should take place with ease. Various literature exists with 
different types of frameworks of HIS. In [31] the author proposed a cloud-IoT based healthcare 
framework where doctors, patients, and stakeholders can use this framework for their improved results 
and improved health, respectively. Here, the cloud server provides PaaS and IaaS services to host 
applications. Authors in [32] proposed a framework for real-time data with a multilayer framework 
with the incorporation of layer between the sensing layer and cloud so that basic pre-processing can 
be done at this new layer. [33] presents an IoT based computational framework to monitor the health 
of patients in mobile environments also and validate this proposed framework with a case study of 
footballers’ heart rate data. Another framework is also proposed for ECG monitoring system where 
ECG data is collected than signal enhancing and watermarking for security is done during data 
collection and some machine learning process like features extraction and classification is done at 
cloud [34]. In figure 4, a basic framework is presented where the base layer is an IHS sensor layer 

Figure 3. Ontology Representation
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where deployed sensors create networks among them to sense the body area and acquire data from 
RFID tags, fit bands, heart rate sensors, and many more.

IHS framework encompasses four layers where the first layer is a sensor layer that 
incorporated all IoT gadgets like sensors, wearables, smartwatches, actuators, RFID tags. These 
gadgets are deployed around the physical environment of patients to monitor physiological 
and vital parameters and data collected through these sensors are sent to the network layer via 
various IoT technologies like ZigBee, Bluetooth, LPWAN, WI-FI, 6LowPAN. The network layer 
comprises gateways and edge routers that play the role of a bridge between the sensor layer 
and the data processing layer. The data processing layer is responsible for applying analytics 
to raw data gathered by the sensor layer where analytics can be done locally or globally. Local 
data analysis can be performed at edge router nearer to the devices to divide the burden of 
the network. Global data analysis can be done in the cloud by applying some data mining and 
machine learning algorithms to detect the pattern and predict the next values. This analyzed 
data or useful knowledge will pass to the application layer via the IoT application layer protocol 
like MQTT, COAP. These protocols present data to users in terms of any desktop applications 
or any mobile applications. patients can get a view about their signs and get instructions from 
doctors and nurses.

Methodology Used for Strengthening Healthcare System
Due to the rapid proliferation of diseases, numerous encoding concepts and ontologies related terms 
are used in the medical domain. Ontologies like SNOMED (Systematized Nomenclature of Medicine), 
ICD (International Classification of diseases) offer systematic, computer processable collection of 
medical terms in humans as well as veterinary medicines to provide encoding terminologies. Further, 
SNOMED-CT extends support internationally and provides access to terminology and health data 
related resources in COVID 19 as well [35]. Patients already suffering from diseases Pneumonia, 
diabetes, asthma, hypertension, cardiovascular, Obesity, chronic kidney have high risk factor of 
infection from Covid 19 (Table 2).

Figure 5 portrays the flow of data, from the generation of data to become smart data for elderly 
people IoT healthcare applications. This process involves various sub processes that are as follows:

Figure 4. IHS architecture
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1. 	 Sensor Layer: Various sensors are attached to the older adult’s body to sense the parameters of 
their body. These sensors include an oximeter, electrocardiogram, thermometer, fluid level sensor, 
blood pressure sensor to read the current situation of patients. These sensors have low battery 
and low memory so used only to sense and transfer the data to the upper layer. No processing 
is done at this stage. In live tracking of records of individual patient is not satisfactory; then 
superintending of patient process is executed virtually. For tracing and clustering Data Processing 
module is initiated.

2. 	 Data Preprocessing at Edge: Data generated by sensors are sent to gateways at the network layer 
through various technologies like Bluetooth, Wi-Fi, ZigBee, LoRaWAN,5G, LTE. Gateway will 
store that data packets and sometimes these gateways are available near devices called edges of 
the network. Basic data processing can be done locally at edge routers. Pre-processing of data 
involves cleaning, eliminating duplicate packets, normalization of data, basic data aggregation 
(SUM, AVG, MAX, MIN), and pre-processed data transmitted to the cloud; result in no more 
burden there. Portable devices like smartphones, smartwatches, compact embedded systems, 
and compact gateways perform the aforementioned pre-processing tasks.

3. 	 Data Storage: This stage can be considered as a warehouse or cloud. Data stored at this stage is 
huge. Machine Learning, deep learning, and data mining algorithms are applied here to analyze 
as well as extract knowledge from data.

4. 	 RDF/OWL/Ontology Layer: Data stored in the storage is used by the semantic web. Semantic 
web sanctifies knowledge from data in such a way that improves decision making. Semantic 
web technologies include RDF and OWL. RDF linked the opened data over the web and present 
data in triple format “subject-predicate-object” which provides structure and unique identifiers. 
Ontology presents a knowledge model that identifies a set of concepts also called classes and 

Table 2. Referred Algorithm used for diseases

S. No. Diseases Algorithm Used

1. Glaucoma Diagnosis Logical Regression [36]

2. Alzheimer’s Disease Linear Regression [37]

3. Diagnose Bacterial Sepsis Random Forest(RF) and ANN[38]

4. Covid 19

Naïve Bayes Algorithm [ 39] 
Logistic Regression Algorithm [39] 
Artificial Neural Network [40] 
K- Nearest Neighbor [41]

Figure 5. Ontology-based IoT healthcare system for senior citizens
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tries to define relationships among concepts in a particular domain. The knowledge presented by 
ontology can be shared and reused at any time. Figure 4 shows the proposed ontology for senior 
citizens IoT healthcare systems developed by protégé software. Here five classes are identified 
name- senior citizens, healthcare providers, caretakers, healthcare devices, and types of health. 
The senior citizen class is further categorized into 3 subclasses as “Young old”, “Old-old”, and 
“The oldest old”. Similarly, the type of health class is divided into physical health and sub heath 
and other classes are also having subclasses. Properties are defined for different users like senior 
citizens along with properties name, Id, age whereas doctor has characteristics like id, name, area 
of specialization. Relationships among classes show links between pairs of classes. For example:
a. 	 Physician is-a-subclass-of healthcare provider (superclass to subclass relation);
b. 	 Senior citizens has-a mental health or physical health (class to class relation);
c. 	 Senior citizen uses healthcare devices (class to class relation).

5. 	 Smart Data: RDF and OWL are used together to provide smart data, data that can be read and 
understandable by machine without any human intervention, and able to apply reasoning. When 
every device and file used in an IoT healthcare system is represented by ontology and linked 
together over the web then the machine can co-relate and visualize the flow of data, this results 
in better performance of the system. This data is used for ambulance service; if patent requires 
hospitalization then ambulance service will be provided and patient information will also be 
shared with hospital.

6. 	 Decision Making: Ontological Meta-data helps healthcare users and healthcare providers to take 
all necessary steps towards their quality of life and it helps the decision support system (DSS) to 
decide where to send a notification to patients or caretakers based on ontology-driven advice.

Research Findings and Comparative Analysis of Worldwide 
Disease Infections Effect on Elderly Senior Citizens
The coronavirus disease was declared a pandemic by WHO (World Health Organization) on March 
13th. The attempt [42] discussed about virus infection and its impact in current scenario as well as 
recent development. Everyday constantly COVID Cases are rapidly increasing worldwide as time 
passes while healthcare providers and government bodies are putting efforts to stop the spread of this 
virus. Europe [43] is one of the most affected continents in which countries like Italy, Spain, the UK, 
and France. In [44] authors mentioned that the tropical regions are relatively less prone to COVID-19 
cases than the European & American regions and transmission of spread is not uniform globally. 
They also conclude that the death rate is mostly subjective to age group and medical history. Table 
3 presents a reasonable analysis of new COVID-19 cases reported in the last 24 hours concerning 
deaths reported in the last 24 hours on 9th September 2020(WHO). The table 3 presents data from 
four foremost countries in Covid-19 cases.

Table 3. Comparative Analysis of Cumulative Cases Vs Deaths reported in 24 hours on September 9th, 2020

Country Name
Cases 

Cumulative 
total

Cases newly 
reported in the 

last 24 years

Death Total 
Cumulative

Deaths newly 
reported in the 
last 24 hours

Transmission 
Classification

India 4,280,422 75,809 72,775 1,133 Cluster of Cases

US 6,222,974 33,486 188,003 462 Community 
Transmission

Brazil 4,137,521 14,521 126,650 447 Community 
Transmission

Russia 1,035,789 5,099 17,993 122 Cluster of Cases
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The figure 6 presents that the U.S has the highest cumulative cases and India has become the 
first country in the world with reporting the highest cases and deaths in the last 24 hours. According 
to the world population prospects, current population of India stood at 1,352,642,280. By 2030, it is 
expected its population by 1.5 billion people. 35% percent of its population below the age of 25 and 
more than 65% age below the age of 35. Table 4 presents high level of infections spread among old 
age people across the globe during Covid 19.

Figure 7(a-c) depicts the worldwide count of COVID 19 cases raised frequently shown in the figure 
that the Brazil, China, India, USA has the highest cases surpassed confirmed cases for elderly people.

The dataset results mentioned in Fig 9 presents positive cases confirmed per age group. Age 
groups are binned into the eight groups <G1: under 18, G2: 18-30, G3:31-40, G4:41-50, G5:51-60, 
G6:61-70, G7: 71-80 and G8: 81+>. Information of cases are classified based on cluster case and 
community transmission. As per HT reports, most of deaths due to Covid 19 across nation were in age 
group between 50-70 out of which highest age group was in between 61-70 age among both genders. 
However, male death ratio is almost 69% and higher as compared to females.

To prevent world from COVID-19 pandemic, doctors, researchers, and government officials 
are in much action and succeed Within less than 12 months after the beginning of the COVID-19 in 
developing and authorize vaccine. Vaccines are always helps to save life of million people each year. 
Vaccine makes human body’s immune system strong and prevents from illness. As this pandemic is 
very fearful and people are dying, so it is immense requirement to develop vaccine against this virus.

After so much of hard work doctors are succeed in developing vaccines and as of 18 February 
2021, at least 7 different vaccines have been approved and rolled out in countries where as more than 
200 vaccines are in under development [WHO]. There are companies which provide vaccines are 
Pfizer, Serum Institute of India, Moderna, BioNtech, Fosun Pharma and many more [45]. Vaccination 
has been started in December 2020 in countries like UK, Russia, China, Israel[Fig.9]. In a study it 
is find that, one third (33 percent) of people in group who have already coronavirus reported “mild 

Table 4. High risk infection rate during Covid Scenario in elderly people

Disease Name Age Group Covid 19 Affected tract Organ specific

Bacterial pneumonia 60-65 SARS Cov-2 Respiratory tract Lung

Elderly influenza 80+ SARS Cov-2, H1N1 Lower and upper both 
Respiratory tract

Heart, Brain and 
muscles

Elderly skin 
infections 65+ HSV type1 Methicillin-resistant 

Staphylococcus aureus Internal organs

Gastrointestinal 
infections 80+ Rotavirus, Adenovirus, 

Astrovirus, Calicivirus Gastrointestinal tract Stomach and Small 
Intestine

Figure 6. Situation of COVID 19 Effect in Top 4 most affected Countries (As per report 9th September 2020)
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Figure 7a. Mapping of Cases raised frequently country wise Elderly people age (75-84) (Source: https://covid19.who.int/
table?tableChartType=heat)

Figure 7b. Mapping of Cases raised frequently country wise Elderly people age (65-74) (Source: https://covid19.who.int/
table?tableChartType=heat)
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whole-body” side effects such as fatigue, headache and shivers after their first dose, compared with 
one fifth (19 percent) of patients who had not had COVID [46].

CONCLUSION

In this paper, IoT based health care system is presented to alleviate the problems by chronic diseases.
The presented ontology-based healthcare architecture will be benefitted older people as they are 

facing challenges of loneliness, depression, physical disability, and weak immunity. They can improve 
their quality of life and monitor regularly their health beyond the doctor’s office. Healthcare providers 

Figure 7c. Mapping of Cases raised frequently country wise Elderly people age (85 Above) (Source: https://covid19.who.int/
table?tableChartType=heat)

Figure 8. Impact of Covid19 on different age group as per timeliness (Source: https://dataverse.harvard.edu/dataset.
xhtml?persistentId=doi:10.7910/DVN/8UTBVA)
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will get real-time data of a patient’s health status and advise them accordingly and send notification 
and alerts. To fetch smart data in less time from web, ontology-based healthcare systems are most 
preferred. In the future, this work will be enhanced by incorporating an IoT based care plan features for 
monitoring a person’s health conditions as well as medications too. Elderly people will continuously 
receive information from healthcare providers for overcoming their physical and hypertension issues 
through yoga, exercises, and meditation guidelines. Excessive intake of medicines may generate 
issues of multi-organ failure in old age people, so guidelines to physical exercise will be a source 
of motivation for them. This system will also keep track of emergency contacts and information 
serious patients on a timely basis. In the case of inconsequence, information of patients would be 
updated by health care providers to nearby healthcare so that treatment can be done without delay. 
This concept will be helpful for elderly patients who are living alone but will receive appropriate 
care in an emergency situation.

Figure 9. Specific vaccination dose regime [January-February 20,2021]
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Improvement in Task Scheduling 
Capabilities for SaaS Cloud Deployments 
Using Intelligent Schedulers
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ABSTRACT

Task scheduling on the cloud involves processing a large set of variables from both the task side and 
the scheduling machine side. This processing often results in a computational model that produces 
efficient task-to-machine maps. The efficiency of such models is decided based on various parameters 
like computational complexity, mean waiting time for the task, effectiveness to utilize the machines, 
etc. In this paper, a novel Q-Dynamic and Integrated Resource Scheduling (DAIRS-Q) algorithm is 
proposed which combines the effectiveness of DAIRS with Q-Learning in order to reduce the task 
waiting time and improve the machine utilization efficiency. The DAIRS algorithm produces an initial 
task-to-machine mapping, which is optimized with the help of a reward and penalty model using 
Q-Learning, and a final task-machine map is obtained. The performance of the proposed algorithm 
showcases a 15% reduction in task waiting time and a 20% improvement in machine utilization when 
compared to DAIRS and other standard task-scheduling algorithms.

Keywords
Cloud Deployments, Cloud-Based IoT, DAIRS, Intelligent Schedulers, Machine Mapping, Machine Utilization, 
Q-Learning, Task Scheduling, Task Waiting Time

1. INTRODUCTION

Scheduling tasks over the cloud is a multi-domain problem, which includes pattern analysis, filtering, 
classification, clustering and prediction. Usually the following processes are followed in order to 
schedule cloud tasks (Asghari et al., 2020),

•	  Identification of undertaking boundaries from the task dataset
•	  Identification of machine parameters from the asset pool
•	  Strategizing rules and thresholds for machine and task scheduling
•	  Task execution on the given machine
• 	 Evaluation of irregularities in execution, and changing methodology based to output parameters
• 	 Post processing of tasks and machines if needed

In view of these steps, the researchers can see that at first the task parameters must be investigated. 
These parameters must incorporate essential assignment measurements like the undertaking execution 
delay, the task cutoff time, the task holding up time, while they can likewise incorporate optional 
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parameters like undertaking mutual exclusiveness, shared reliance, and others (Nawrocki & Sniezynski, 
2020). Typically, the all-out assignment execution prerequisites are administered by condition 1,
T F T T T TTE ed dl wt sec� � ��� �, , ,[ ] 1

Where, TTE  is the total task execution requirement, Ted is the total task execution delay, Tdl  is 
the task deadline, Twt  is the task waiting time, while, Tsec  are secondary application specific 
parameters needed to execute the task.

Once the task parameters are identified, then the resource parameters are observed, and evaluated. 
These parameters are again divided into primary and secondary parameters. Primary parameters 
include but are not limited to number of execution units available, capacity of each unit to execute the 
task, execution requirements for the resources, and others (Sui et al., 2019). A typical task scheduler 
can be observed from figure 1, wherein the tasks coming from users are given to the data center 
broker, the broker sends these tasks to the cloud controller for processing. The controller finally gives 
it to the host for further processing and scheduling on different machines.

The next section describes about such task scheduling systems in brief, and is followed by the 
proposed DAIRS-Q algorithms. This text further evaluates the said algorithm on different application 
specific datasets, and compares its efficiency with some state-of-the-art methods. Finally, the concludes 
with some interesting observations about the proposed protocol, and recommendations on how to 
further explore the field of work.

2. LITERATURE REVIEW

AI has become a true norm for task scheduling research. The work (Ge & Liu, 2020) uses Q-Learning 
for scheduling undertakings on a cloud-based Internet of Things (IoT) climate. The principle bit of 
leeway of Q-Learning is that, it gives a motivating force (reward) and punishment procedure while 

Figure 1. A typical task scheduler
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finding out about the basic issue. For example, in Ge & Liu, (2020), analysts have utilized a worldwide 
view strategy for task scheduling, wherein the calculation’s choice is compensated if the general cloud 
execution improved by it, or it is given a punishment if the cloud execution debases. The prize and 
punishment is as a mathematical worth, which is augmented by the calculation. They have isolated the 
errand nodes into energy unwinding and energy tense nodes. The energy tense nodes are answerable 
for imparting back and forth between the cloud and the clients. While the energy unwinding node 
assumes control over a portion of the heap structure the energy tense nodes. The principle point of 
the calculation is to improve the network lifetime, by enhancing the heap on every one of the node. 
A similar calculation can be applied to any sort of assignment scheduling applications, and it is 
prescribed that perusers apply it to assess its exhibition on various applications. The calculation can 
be stretched out by supplanting Q-Learning with fortification realizing, which is an unrivaled method 
for quicker union and better learning results. This can be seen from the work in Melnik & Nasonov, 
(2019), wherein fortification learning is joined with neural networks for scheduling work processes. 
The engineering takes in the assignments which need scheduling, and offers them to a processing 
climate. The figuring climate assesses a prize capacity dependent on the scheduling done by the neural 
network. Normally the neural network plans errands arbitrarily, and attempts to limit the blunder in 
scheduling with the assistance of learning models like Levenberg–Marquardt, inclination plummet, 
and so forth Support learning can be broadened utilizing a more intricate preparing condition set, 
which can think about both essential and auxiliary boundaries for undertakings and execution units 
the same. For example, the work in Waschneck et al., (2018), broadens support learning, and assesses 
a profound fortification learning component dependent on Deep Mind which is Google’s Deep 
Q-Learning Network (DQN). It utilizes a mix of Markov learning measure with directed learning (so 
the calculation find out about the execution climate), for better undertaking scheduling effectiveness. 
The model can improve the asset use, and decrease the undertaking holding up time, yet has a high 
displaying multifaceted nature. Since each time something changes in the processing plant climate, a 
comparative change must be made in the computerized twin climate. Generally, ongoing undertaking 
execution frameworks have an enormous number of changes happening occasionally, subsequently 
this system isn’t appropriate for such exceptionally powerful conditions. However, the exploration 
accomplished for planning a 2-level learning calculation is excellent, and hence is utilized as the 
reason for this fundamental examination.

Another Q-Learning based calculation is referenced in Kim et al., (2019), wherein an IoT network 
comprising of temperature, mugginess and weight sensors is thought of. Here, a MDP or Markov choice 
cycle is applied, which totals the prizes given to every arrangement set to locate the last prize worth. 
The work in Waschneck et al., (2018) and Kim et al., (2019) is stretched out in Zhang et al., (2019), 
wherein a profoundly dispersed climate is considered for task scheduling in programming as a help 
(SaaS) cloud. They have utilized the idea of versatile unique programming (ADP) to plan undertakings 
dependent on both assignment and execution unit boundaries. It tends to be seen that the proposed 
component performs in a way that is better than a portion of the cutting-edge calculations, and can 
be utilized as a decent sending methodology when scheduling assignments in a conveyed climate.

A use of this calculation can be seen from Hu et al., (2019), wherein the errand scheduling 
issue is first changed over into min-max number direct programming (MMILP), and afterward it is 
changed over to a distinguishable curved target work with a unimodular imperative grid for adding 
non-linearity. The capacity and the framework information gain from the conveyed disseminated 
network, and improve the undertaking scheduling productivity by diminishing the computational 
deferral, and lessening the quantity of bytes moved during scheduling. The work in Nawrocki et 
al., (2020) presents an energy viable arrangement, uses energy relevant boundaries like CPU use, 
network association, defer required for calculations, and so on to assess the best scheduling procedure. 
A similar setting mindfulness can be utilized to upgrade some other boundary, similar to defer 
required for scheduling, mean holding up time, cutoff time hit proportion, and so forth Because of 
which this work has been chosen to advance certain boundaries in the fundamental exploration. The 
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energy utilization is diminished with the assistance of neighborhood learning, and the conveyed task 
scheduler can plan the assignments on the nodes that are the most energy proficient. This decreases the 
framework’s productivity to enhance other undertaking and node boundaries, yet improves the general 
framework lifetime. Such a framework can be utilized where the undertaking to node scheduling needs 
to streamline just a single boundary. In any case, as number of boundaries increment, the setting of 
the issue will in general change, and complex calculations like Stavrinides & Karatza, (2017), that 
utilizations rough calculations for task-scheduling can be used. Because of this, the settle on range 
and administration level understanding infringement proportion lessens, accordingly improving the 
errand scheduling proficiency.

Another CNN roused cross breed profound neural network scheduler is talked about in Zang et 
al., (2019), which uses convolution two-dimensional change technique to perform task scheduling. 
Another 2-stage task scheduler is portrayed in Zhang & Zhou, (2017), which uses both current and 
recorded information for scheduling errands. Because of the utilization of both authentic and current 
errand and node information, the calculation can foresee task examples and VM utility examples. A 
utilization of this framework can be seen in Zheng et al., (2020), wherein task scheduling is applied 
to savvy city situations. They presume that Extended Hungarian calculation with round support line 
(EHGC) is a superior calculation when contrasted and FIFO and other shortsighted frameworks. 
The use of profound learning and fortification learning can be tried for savvy urban communities. 
Scheduling can likewise be conveyed as a cloud administration, the work in Moorthy & Pabitha, (2019) 
features a utilization of sending scheduling calculations on the cloud, and giving it as assistance. It 
tends to be utilized as a strong use-case for planning scheduling calculations.

An epic particle swarm optimization (PSO) calculation for task scheduling is depicted in Ebadifard 
& Babamir, (2017), wherein the wellness work is changed to be a mix of make-range and the asset 
use. A Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) calculation is applied 
in Khorsand & Ramezanpour, (2020), which uses the best-most exceedingly terrible strategy for task 
scheduling. It additionally utilizes the oversimplified approach as utilized in Dong et al., (2019), and 
can accomplish comparative execution like Dong et al., (2019), but on the other hand can decrease 
the energy utilization because of the utilization of energy as a wellness boundary. However, both 
Dong et al., (2019) and Prasanna Kumar & Kousalya, (2019) have restricted use cases because of the 
restricted capacity of the calculation demonstrated, which can be improved by the work in Shobha 
Rani & Pounambal, (2019). Here, another profound fortification learning calculation is depicted that 
uses numerous errand and node boundaries for better optimization. Like PSO (Dong et al., 2019), a 
crow inquiry optimization (CSO) is portrayed in Zhou et al., (2018). It utilizes comparable exploration 
boundaries like Dong et al., (2019), and accomplishes a comparative execution on shortsighted 
datasets. The work can be streamlined utilizing a profound learning network as depicted in Peng et 
al., (2019), wherein task offloading is improved preparing. It utilizes profound learning CNN for 
task scheduling, and gives better make range and better computational usage when contrasted and 
Zhou et al., (2018). A comparative way to deal with Zhou et al., (2018) is referenced in Huang et al., 
(2019), where an adjusted hereditary calculation (GA) joined with voracious methodology (MGGS) 
is applied. The GA utilizes a voracious methodology for wellness assessment and traverse activities, 
which makes it viable for scheduling undertakings. However, like Dong et al., (2019) and Zhou et 
al., (2018), the methodology has characteristic downsides because of set number of boundary use 
for wellness assessment. Accordingly, the work in Mostafavi & Hakami, (2020), which utilizes a 
profound Q-Learning network can be utilized for execution upgrade. Comparative profound learning 
techniques are referenced in Huang et al., (2019), Mostafavi & Hakami, (2020) and Tong et al., (2019), 
where Q-Learning and fortification learning is either utilized independently or joined with neural 
networks to accomplish unrivaled execution. Consequently, the underlying research likewise utilizes 
Q-Learning in mix with DAIRS to improve the framework execution for load adjusting over the cloud.
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3. PROPOSED DAIRS-Q ALGORITHM

The original DAIRS algorithm (Anjum et al., 2020) does not perform well under hybrid storage 
conditions, and nowadays all cloud systems are based on hybrid storage (which combine SSDs, 
HDDs, etc.). Therefore, the proposed Q-learning based DAIRS is proposed that uses dummy reads 
and writes in order to evaluate the performance of the original algorithm, and get the final optimized 
scheduling results. The overall architecture of the proposed DAIRS can be observed from figure 2. 
The proposed hybrid DAIRS (DAIRS-Q) system, works in the following steps,

1. 	 For a cloud with ‘N’ types of storage systems, arrange each of these systems in descending order 
of processing. Due to this the highest performance system is placed at the top, while the lowest 
performing system is placed at the bottom.

2. 	 Perform ‘N’ dummy reads and ‘N’ dummy writes on each of the cloud systems, and observe the 
following parameters,
a. 	 The reading delay for all systems Tr1, Tr2, …, TrN
b. 	 The writing delay for all systems Tw1, Tw2, …, TwN
c. 	 The processing delay for all systems Tp1, Tp2, …, TpN

3. 	 Evaluate the total time needed for processing one task using the following equation 1,

Td w Tr w Tw w Tpi r i w i p i� � �* * * 	 (1)

where, wr , ww  and wp  are the weights for reading, writing and processing. Higher values of 
weights indicate that the application needs that particular element to be enhanced. For instance, an 
application that requires faster processing will have higher value of wp , while the values of wr  and 
ww  would be lower than that of wp .

Figure 2. Proposed DAIRS-Q method for real time clouds
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4. 	 Evaluate the lowest total completion time for each of these machines and store them into an array. 
Let the elements in this array be named as D1, D2, D3, … DN

5. 	 For each storage system, the time needed to process the task on the system will be different. Let 
Tni represent the time needed for a task to be executed on that system, this can be evaluated with 
the help of equation 2 as follows,

Tni Di Ni
Tdi

=
*

	 (2)

where Tdi is the sum of processing time for the cloud, Ni is the total number of task units to be 
executed on the cloud, Di is the per unit task delay for the system.

6. 	 Now evaluate the following dependency table, which indicates the execution time for a given 
task on a given set of machines,

7. 	 This table consists of all ‘k’ tasks on the rows, and all the ‘N’ machine configurations on the 
column side

8. 	 Find the double average value of the task execution threshold using the following equation 3,

Sth
TnT

N k
i

N

j

k
i j

� � �� �1 1

*
	 (3)

9. 	 Now find the interval factor for the task using the following formula,

IF Sth
Nt = 	 (4)

Here, ‘N’ is used as the number of memory configurations are ‘N’ in the system.

Table 1. Relationship between system memory type and input task

Tn1
T1

Tn2
T1

Tn3
T1

…. TnN
T1

. . . . .

. . . . .

. . . . .

Tn1 
Tk

Tn2 
Tk

Tn3 
Tk

… TnK 
Tk



International Journal of Big Data and Analytics in Healthcare
Volume 6 • Issue 2

7

10. 	Find the column-wise average value from the dependency table, and let the values of these 
averages be AT1, AT2, …, ATk

11. 	Arrange these tasks in descending order of the AT values, and let the new order for these tasks 
be Ts1, Ts2, ..., Tsk

12. 	For allocating a task ‘i’ to any machine, it must fulfill the given condition,

i IF ATd i IFt t�� � � �1 * * 	 (5)

Where, ‘d’ is the ID of the task
Based on the equation 5, the task is given a penalty value if it doesn’t follow equation 5, while 

it is given a reward value if the task follows it. All tasks are allocated to a machine only if they are 
rewarded, else the task is left unallocated. The process is repeated unless all tasks are successfully 
allocated by the system. Based on this allocation, the task with higher requirement is given to a 
memory system with better performance, while a task with lower requirement is given to a memory 
system with lower configuration/performance. This enables the task scheduler to schedule tasks with 
higher efficiency, and get better quality of experience performance for the end user. This performance 
can be observed from the next section, where a statistical comparison is made between the existing 
DAIRS and IDE algorithms with the proposed DAIRS-Q algorithm.

4. RESULT EVALUATION AND COMPARISON

To compare the performance of the proposed DAIRS-Q algorithm with the existing IDE (Wu et al., 
2018) and DAIRS algorithms, the NASA load balancing dataset from the following website is used,

https://www.cs.huji.ac.il/labs/parallel/workload/l_nasa_ipsc/index.html
This dataset consists of more than 100k records with an average makespan of 600 ms for each 

task. Makespan is the average delay needed for execution of the task. Based on this dataset, the 
average cloud utilization ratio (CUR), the delay needed for task scheduling (Da) and the mean task 
waiting time (Tmwt) are evaluated. The following tables indicate the comparison of these values for 
different algorithms.

Similarly, the other parameters can be observed from table 2 and 3 as follows:
It can be observed that the proposed DAIRS-Q reduces the delay of task scheduling by 15% 

when compared with the existing DAIRS and IDE algorithms, while the cloud utilization ratio is 
improved by more than 10%. This happens due to the dummy reads and writes architecture which is 
proposed, that allows the system to evaluate the performance of the system before deployment, and 
therefore assigns the best task scheduling plan in place for the given set of tasks and virtual machine 
combinations.
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Table 2. Comparison of cloud utilization ratio for different algorithms

VM-s Tasks CUR (DAIRS) CUR (IDE) CUR (DAIRS-Q)

10 1000 74.50 70.95 80.81

10 2000 75.60 72.00 82.00

10 5000 75.90 72.29 82.33

10 10000 76.30 72.67 82.76

10 20000 77.50 73.81 84.06

10 50000 79.10 75.33 85.80

10 100000 79.90 76.10 86.66

20 1000 80.51 76.68 87.33

20 2000 81.40 77.52 88.29

20 5000 82.29 78.37 89.25

20 10000 83.17 79.21 90.21

20 20000 84.06 80.05 91.17

20 50000 84.94 80.90 92.13

20 100000 85.83 81.74 93.09

50 1000 86.71 82.59 94.06

50 2000 87.60 83.43 95.02

50 5000 88.49 84.27 95.98

50 10000 89.37 85.12 96.94

50 20000 90.26 85.96 97.90

50 50000 91.14 86.80 98.86

50 100000 92.03 87.65 99.82
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Table 3. Comparison of task execution delay

VM-S Tasks Da (s) (DAIRS) Da (s) (IDE) Da (s) (DAIRS-Q)

10 1000 5.20 4.95 4.13

10 2000 5.50 5.24 4.37

10 5000 5.70 5.43 4.53

10 10000 5.90 5.62 4.68

10 20000 6.23 5.93 4.94

10 50000 7.10 6.76 5.63

10 100000 7.50 7.14 5.95

20 1000 2.60 2.48 2.07

20 2000 2.75 2.62 2.18

20 5000 2.85 2.71 2.26

20 10000 2.95 2.81 2.34

20 20000 3.12 2.97 2.48

20 50000 3.55 3.38 2.82

20 100000 3.75 3.57 2.98

50 1000 1.30 1.24 1.03

50 2000 1.38 1.31 1.09

50 5000 1.43 1.36 1.13

50 10000 1.48 1.40 1.17

50 20000 1.56 1.48 1.23

50 50000 1.78 1.69 1.41

50 100000 1.88 1.79 1.49
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5. CONCLUSION AND FUTURE SCOPE

Based on the result evaluation it can be observed that the proposed algorithm outperforms both DAIRS 
and IDE algorithms in terms of cloud utilization ratio, delay of task execution and mean task waiting 
time. The cloud utilization is improved by almost 10%, while the delay for execution is reduced by 
15, and the mean waiting delay is reduced by 10% as well. This indicates that the proposed algorithm 
can be applied to any real-time cloud deployments, thereby improving the overall applicability of 
the proposed DAIRS-Q system. The proposed algorithm can be further improved with the addition 
of more sophisticated scheduling algorithms that do not require dummy reads and writes, because 
using these dummy requests increases the computational overheads on the system. In order to reduce 
them, machine learning techniques like deep-reinforcement learning can be used, along with better 
mapping algorithms for scheduling tasks on real-time clouds.

Table 4. Comparison of mean waiting time for tasks

VM-S Tasks Tmwt (s) DAIRS) Tmwt (s) (IDE) Tmwt (s) (DAIRS-Q)

10 1000 6.90 6.57 6.12

10 2000 7.50 7.14 6.66

10 5000 8.90 8.48 7.90

10 10000 13.50 12.86 11.98

10 20000 14.90 14.19 13.22

10 50000 15.60 14.86 13.84

10 100000 16.20 15.43 14.38

20 1000 3.45 3.29 3.06

20 2000 3.75 3.57 3.33

20 5000 4.45 4.24 3.95

20 10000 6.75 6.43 5.99

20 20000 7.45 7.10 6.61

20 50000 7.80 7.43 6.92

20 100000 8.10 7.71 7.19

50 1000 1.73 1.64 1.53

50 2000 1.88 1.79 1.66

50 5000 2.23 2.12 1.97

50 10000 3.38 3.21 3.00

50 20000 3.73 3.55 3.31

50 50000 3.90 3.71 3.46

50 100000 4.05 3.86 3.59
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ABSTRACT

India faces numerous challenges to the meet ever-increasing demand of human blood so as to improve 
the health indicators across its rural and urban population. The gap between demand and supply can 
be fulfilled by increasing voluntary blood donations. Hence, it becomes important to understand 
the attitude of population towards blood donations. In this paper an effort has been made to identify 
features in order of their importance that affect the decision of a person to become a blood donor. 
This research uses extensive visualization techniques to get an insight into potential blood donor 
characteristics and then applies classification technique to classify youth of an Indian state university 
as donor or non-donor. The k-nearest neighbour classification algorithm discovers the relationship 
between attributes of blood donors and hence predicts the outcome. The important factors that 
dissuade potential donors from donating blood have been extracted that can be worked upon to meet 
the demand of blood to save human lives.

Keywords
Blood Donor, Classification, Data Visualization, K-Nearest Neighbour, Lazy Learner Algorithm, Logistic 
Regression, Machine Learning, Random Feature Elimination

INTRODUCTION

Human blood is the precious constituent of life and there is no substitute for it. There has always been 
an acute shortage of human blood as far as a developing nation like India is concerned as stated by 
Verma et al. (2016). It is mentioned by Abolghasemi et al. (2009) that the rate of blood donations in 
developing countries is eighteen times lesser as compared to that of developed countries. Voluntary 
blood donations meet a significant portion of blood requirement in countries with higher income as 
explained by Nigatu and Demissie (2015). This non-remunerated donation has been considered as 
best and safest by Gharebhaghian, 2005 and Rahman et al. (2011).

A report on National Estimation of Blood Requirement in India has mentioned that the country 
faces many challenges in maintaining a sufficient supply of blood and its products. With an ever 
increase in Indian population augmented by advancement in clinical medicine, the demand of blood 
far outweighs its supply. This is also emphasized by Agrawal et al. (2013) and Benedict et al. (2012) 
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in their research reports. According to World Health Organization (WHO), every country should be 
able to provide safe and adequate blood to its needy population. It is also underlined by WHO that a 
country can meet its blood requirements if just 1 percent of its eligible population donates. According 
to report by Office of the Registrar General & Census Commissioner, India Census, approximately 
50 percent of India’s population is in the age group 18-65years which is the eligible age group for 
blood donation yet India fell short of 1.9million units of blood in the year 2017. Hence, it becomes 
essential for India as a nation to understand the factors that dissuade people from donating blood. 
With proper preparation, potential donors can be identified and registered with blood donation banks.

The precise aim of this piece of study is to search for realistic and convincing features in the 
youths’ data that could be valuable for envisaging the probability of his/her becoming a blood donor. 
An effort has been made to categorize candidates into donors or non-donors class on the basis of their 
characteristics related to blood donation. This is the first time that real datasets related to students’ 
views, sentiments and myths towards blood donations has been collected from students of a state 
university of India.

The organization of the paper is mentioned here: Literature review is described in Background 
section. Research methodology section explains about Data Collection, Data Pre-processing, Data 
Analysis, Feature Extraction, Machine Learning Algorithms used for Study, Model Evaluation and 
Prediction, Feature Ranking. At the end, conclusions are mentioned.

BACKGROUND

Various data mining techniques have been used extensively by researchers for classification, prediction, 
clustering, finding association and summarization tasks in the healthcare field. One of the unsupervised 
data mining techniques named k-means clustering, has been used to categorize the blood donors based 
on the gender, age, weight and blood group. The authors, Ramachandran et. al. (2011), have used the 
datasets from Indian Red Cross Society Blood Bank. A system has been developed by ChanLee and 
Cheng (2011) that uses classification and clustering algorithms to determine the variations in blood 
donation behaviour amongst the present donors and envisage their intents towards donation so as to 
understand various matters and to increase the voluntary blood donation frequency. The authors have 
applied clustering technique to create four groups and have found that the best accuracy is 0.783.

In order to understand the awareness and attitude of students of Semnan university of medical 
sciences, a descriptive analytical approach has been used by Majdabadi et al. (2018). It was found that 
a large number of students are not aware of blood donation and possess a negative attitude towards 
blood donation.

In order to help the humanity and save precious lives, a web-based system for maintaining records 
of blood donors has been created by Khan et al. (2009). The system registers the donors and keeps 
their record that has details of blood donors’ blood groups, address for communication, and status of 
blood donation. This web-enabled system acts as an interface between donors and receptors. Similar 
web enabled systems have been developed and deployed by Arif et al. (2012) and Guangpeng et 
al. (2009). With the wide spread usage of mobile communication technologies, a few notification 
based systems have also been deployed by Singh et al. (2007), Rahman et al. (2011), Samsudinnet 
al. (2011) and Islam et al. (2013).

In a study by Hamouda et al. (2012), automatic red blood cell has been recognized and counted 
using image processing. Decision tree has been used to classify Red Blood Cells that has classified 
the data with an accuracy of 97%. Real datasets collected from an Electronic Data Processing wing of 
a blood bank has been classified using J48 algorithm by Sharma and Gupta (2012) that can facilitate 
the blood bank in-charge to make suitable decisions quicker and more accurate. There is a study by 
Mostafa (2009) where Intelligent data modelling techniques have been used in Egypt to examine the 
impact of demographic, perceptive and psychological factors on blood donations. The author has 
observed that there are five factors that are important for understanding blood donors’ behaviour, viz. 
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Altruistic values, knowledge of blood donation, intent to donate blood, perceived risks of donation 
of blood, and attitude towards blood donation. A framework for the predictors for behaviour of 
established Australian blood donors has been determined by Masser et al. (2009).

Rajput et al. (2009) have stated that it is a great challenge to utilize data mining algorithms in the 
fields of healthcare and medicine. A report by Government of India (2007) has suggested that voluntary 
non-remunerated regular blood donations are the safest. The strategy of Indian government focuses 
on motivating non-remunerated blood donors and it emphasizes to maintain good epidemiological 
data on the occurrence of infectious markers in the general population. One of the main hindrances 
for blood donations are risks associated with the process as explained by Tscheulin and Lindenmeier 
(2005) that mainly includes fear of infection.

Qualitative studies have been used by Ferguson and Chandler (2005) to express that blood-donors 
depict their behaviour using Trans Theoretical Model. Schlumpf et al. (2007) have done extensive 
study based on a questionnaire filled in by approximately 8000 active donors. The possibility of return 
of a current donor within next 12 months has been explored using logistic regression.

The prediction of blood donor using age and blood group has been done by Sharma and Gupta 
(2012). The authors have made use of WEKA tool for data mining. A data mining system based on 
clustering and classification has been developed by Chan-Lee and Cheng (2011) [7.I] in order to 
understand the behaviour of blood donors.

From all these studies, it is clear that it is very important to remove myths by educating people and 
also to identify donors so that the blood banks and other voluntary organizations chalk out a strategy 
for organizing blood donation camps. By applying classification technique, the potential donors can 
be identified and the important factors that dissuade eligible donors from donating blood can be 
extracted. This research work is based on data of an Indian university’s students so as to understand 
their knowledge, attitude and psychology towards blood donations like their fears, myths, risks while 
becoming a blood donor. This paper uses machine learning algorithms viz. k-nearest neighbour and 
logistic regression to classify potential donors as donor or non-donor. It also makes use of feature 
extraction to find and rank important features that play a significant role for a person to become 
blood donor. The ultimate objective is to motivate such eligible people to donate blood regularly so 
that many human lives can be saved.

RESEARCH METHODOLOGY

The population used for the research belongs to Generation Z (born between 1995 and 2015). 
These are the students of Undergraduate programmes of a Delhi state university, India. The system 
framework showing all steps of research in order to perform predictive analytics of blood donors, is 
shown in Figure 1.

Online Collection of Data
Data has been collected by using questionnaire developed in google forms by students of an 
undergraduate programme of a Delhi state university in order to complete their major project. 
Approximately 500 students of ten different colleges, pursuing undergraduate programmes have 
been surveyed and responses have been gathered. Convenience sampling technique has been used 
and hence the selection of the participants was non-random and voluntary.

The questionnaire is based on personal attributes, intention towards blood donation, myths related 
to blood donation, risks associated with blood donation and perceived belief of probable donors 
before taking decision on blood donation. There is a total of 20 questions that includes one question 
describing the class of blood donor (i.e. whether the person is willing to become a blood donor or 
not). The response to nineteen questions is on Likert scale in which the respondents were asked to 
select the choice that suited them the most. The choices are Definitely yes, Probably yes, Maybe 
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yes, Probably no and Definitely no. The complete description of the questionnaire is mentioned in 
Table 10, in the Appendix.

Data Pre-Processing
Out of 20 questions, nineteen have responses on Likert scale. One-hot encoding which is a 
dummification technique, has been used on these nineteen features. This encoding is basically the 
representation of categorical variables as binary vectors. These categorical values are first mapped 
to integer values. Each integer value is then represented as a binary vector that is all 0s (except the 
index of the integer which is marked as 1). This transformation is required so as to prepare datasets 
for feeding to an appropriate classification algorithm in Python. The output attribute is “Willingness 
to become donor” that can take value viz. Yes / No. “Yes” has been transformed to “1” and “No” has 
been converted to “0”.

Data Analysis
Data Summarization
A total of 448 participants responded and their frequency distribution on basis of willingness to donate 
blood, blood groups and religion are shown in Table 1, Table 2 and Table 3 respectively.

Figure 1. System framework for research

Table 1. Distribution of willingness to donate blood as reported by participants

Willingness to donate blood Count Percentage

Yes 258 57.58%

No 190 42.42%
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Data Visualization
Various visualization and numerical calculations libraries of Python have been used to understand the 
attitude of respondents towards blood donations. These libraries are seaborn and matplotlib.pyplot for 
generating barplots and numpy for numerical calculations like grouping the participants on the basis of 
their response on likert scale. Bar plot showing percentage of respondents in each of the five options 
to a particular question, has been generated. There was a total of 17 such questions to understand the 
characteristics of participants and hence 17 such graphs are generated as shown in Table 4.

Feature Extraction
The data visualization bar plots have been interpreted so as to select only those features for input to 
machine learning algorithm for classification. A few of the bar plots do not show much of variation 
and the distribution of respondents in each of the five categories on likert scale is of similar nature, 
so these features were removed before applying machine learning algorithms. The removed features 
are donating blood is purely a personal choice, donating blood would renew blood of donor, donating 
blood would avoid blood shortage.

Machine Learning Algorithms Used for Study
Two popular machine learning algorithms viz. a lazy learner classifier (K-Nearest Neighbor) and 
logistic regression have been used on Spyder which is a powerful scientific environment written in 
Python.

Table 2. Distribution of blood group as reported by participants

Blood group Count Percentage

A+ 82 18.30%

A- 14 3.13%

AB+ 57 12.72%

AB- 9 2.01%

B+ 186 41.52%

B- 15 3.35%

O+ 76 16.96%

O- 9 2.01%

Table 3. Distribution of religion as reported by participants

Religion Count Percentage

Buddhism 11 2.46%

Christian 10 2.23%

Hindu 346 77.23%

Jainism 24 5.36%

Muslim 19 4.24%

Sikh 34 7.59%

Other 4 0.89%
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Table 4. Distribution of participants in each of the five options of Likert scale, as per their response to each of the 19 questions



International Journal of Big Data and Analytics in Healthcare
Volume 6 • Issue 2 • July-December 2021

7

K-Nearest Neighbor (K-NN) is an algorithm for classification which memorizes the training 
data first and when presented with a testing record, it looks for similarity to the memorized training 
records. Whichever training record is most similar to the test case, that class is assigned to the test 
tuple. As explained by authors in (Peng et al., 2009) the benefit in using a lazy learning algorithm is 
that there is local approximation of target function for each query posted to the classifier. This leads 
to solving many queries in an organized and easy manner. K-NN classifier applies an incremental 
approach wherein the input comprises a set of attribute-value pairs, as described by Witten Eibe (2011). 
There is one attribute that corresponds to the class of tuple and other attributes are used as predictors.

Logistic Regression is a very popular machine learning technique based on statistics. It is a type 
of regression analysis method to apply when the dependent variable is dichotomous (binary). The 
logistic regression is a predictive analysis technique that uses a logistic function. As explained by 
Hosmer and Lemeshow (2000), it is used to describe the relationship between one dependent binary 
variable and one or more ratio-scaled, nominal, interval or ordinal independent variables.

For experimentation, K-NN and Logistic regression have been used for classifying the participants 
as blood donor or non-donor. The responses have been split into two parts, viz. training and testing. The 
training of the machine has been done with 70% of records and rest 30% have been used for testing.

Model Evaluation and Prediction
The machine learning algorithm for classification would predict the output class of a student as either 
Blood donor (Positive class) or Non-donor (Negative class). There are only four categories, given 
below, that any student X could end up with:

•	 True positive (TP): Prediction is Donor and X is actually a Donor.
•	 True negative (TN): Prediction is Non-Donor and X is actually a Non-Donor
•	 False positive (FP): Prediction is Donor but X is actually a Non-Donor, so it is a false alarm.
•	 False negative (FN): Prediction is Non-Donor but X is actually a donor, again a wrong prediction.

These four cases in confusion matrix are shown in Table 5.
Using the confusion matrix, a number of performance metrics have been calculated in Python. 

These metrics are explained below.

Accuracy
It is the ratio of the correctly labelled class to the entire collection of classes:

Accuracy TP TN TP FP FN TN� � / �= +( ) + + +( ) 	 (1)

Precision
Precision is the ratio of the correctly predicted positive labelled records by the algorithm to all positive 
labelled records including wrongly labelled also:

Table 5. Confusion matrix

Predicted class

Non-donor Donor

Actual class
Non-donor TN FP

Donor FN TP
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Precision TP TP FP� � / �= +( ) 	 (2)

Recall (Sensitivity)
Recall is the ratio of the correctly predicted positive labelled records by the algorithm to all who are 
actually positive in reality:

Recall TP TP FN� � / �= +( ) 	 (3)

F1-Score (F-Measure)
F1 Score takes into account both precision and recall. It is the harmonic mean of the precision and 
recall. It is a good indicator of performance of classifier when there is uneven class distribution:

F Score Recall Precision Recall Precision1 2� � � * �*� �/� � � �= ( ) +( ) 	 (4)

Specificity
Specificity is the ratio of the correctly predicted negative labelled records by the algorithm to all who 
are actually negative in reality:

Specificity TN TN FP� � / �= +( ) 	 (5)

K-NN Algorithm
The value of k has been varied from 1 to 10 in order to find the maximum value of correctly classified 
records. It is found that the best classification accuracy is when k=8. The corresponding confusion 
matrix is shown in Table 6. Using this confusion matrix, the calculation of mentioned performance 
metrics has been done and is shown in Table 8.

Logistic Regression
By applying this machine learning algorithm, the predicted class vs. actual class data has been shown 
in confusion matrix in Table 7. Using this confusion matrix, the calculation of mentioned performance 
metrics has been done and is shown in Table 8. As it is evident from Table 8, the K-NN algorithm 
with k=8 has outperformed the logistic regression in all the performance metrics.

Feature Ranking
The task of determining the important features (independent) that are greatly affecting the decision 
of a student to be a blood donor has also been done. For this purpose, Recursive Feature Elimination 

Table 6. Confusion matrix for K-NN algorithm

Predicted class

Non-donor Donor

Actual class
Non-donor TN = 33 FP = 24

Donor FN = 16 TP = 62
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(RFE) method that generates feature importance ranking, has been used. RFE is a feature selection 
approach that gives the ranking of the features according to their importance for determination of 
the dependant variable. It uses the model accuracy to find which attributes (and combination of 
attributes) contribute the most to predicting the dependent attribute. There are many benefits of 
using RFE viz. reduction of overfitting, reduction of training time and improvement in accuracy 
of the model. The scikit-learn Python library provides this method. RFE model is created by using 
logistic regression classifier as a base model. This model has listed important features as per their 
ranks as shown in Table 9.

CONCLUSION

In this paper, we have experimented with real datasets of students of Undergraduate programmes of 
an Indian university. A total of seventeen questions related to students’ views, awareness, sentiments 
and myths pertaining to blood donations were asked using online questionnaire. Data visualization 
technique has been used to remove those features that are not contributing much towards decision 
of a participant to donate blood. Following this, two machine learning algorithms viz. K-Nearest 
Neighbor and Logistic Regression, for classification have been used to label students as donors 

Table 7. Confusion matrix for Logistic Regression algorithm

Predicted class

Non-donor Donor

Actual class
Non-donor TN = 31 FP = 26

Donor FN = 17 TP = 61

Table 8. Comparison of performance measures for K-NN and Logistic Regression Algorithms

Performance measure K-NN algorithm Logistic Regression

Accuracy 0.7037 0.6815

Precision 0.7209 0.7011

Recall (Sensitivity) 0.7949 0.7821

F1-score (F-Measure) 0.7561 0.7394

Specificity 0.5789 0.5439

Table 9. Names of features as per their ranks that are main deciding factors for a person to donate blood

Rank Feature Name

First

Would donate blood if the process of donation takes less time.

Would donate blood as donating blood would be a rewarding experience.

Would donate blood if accompanied by friend, family member or colleague.

Would not like to donate blood if the place lacks intimacy.

Second Would donate blood if it reduces inequality caused by sickness.

Third Would donate blood if blood donation by me permits a sick person live with a better health.
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or non-donors. K-NN algorithm was executed by varying value of k from 1 to 10 and the best 
classification accuracy was obtained with value of k equal to 8. After performing comparison of 
various performance metrics, it was found that the K-NN classifier has demonstrated convincing 
results with an Accuracy of 0.7027, Precision equal to 0.7209, Sensitivity value 0.7949, F1-score 
equal to 0.7561 and Specificity value 0.5789.

This study has provided the ability to identify important factors that influence the decision of 
youth to donate blood. These factors are time taken by blood donation process, companionship of a 
friend or family member while donating blood, availability of intimate place for blood donation and 
feeling of being rewarded. With the knowledge of these important determinants, the blood donation 
services can come up with newer and more efficient strategies that would increase the number of 
donors. This identification of probable donors would help blood banks and voluntary organizations 
plan in advance for the organization of blood donation camps. Also, the participants predicted as 
Non-donors can be motivated and the factors that restrict them from donation can be worked upon. 
Hence the significant gap between demand and availability of blood in India can be reduced by better 
management and collection of blood.
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APPENDIX: DESCRIPTION OF QUESTIONNAIRE

Table 10. Description of the questionnaire
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ABSTRACT

In the last one decade, AI/ML/DL has been considered a core research area in healthcare. As we know 
that the kidneys are important internal body organs that help in regulation of the fluid within the 
body such that they relieve the body from the existence of waste. Disease is difficult to detect early 
on by normal clinical process. Many researchers have focused their work to identify kidney disease 
or classify kidney disease using computational technology because the mortality rate is very high 
in kidney patients. The primary focus of this paper is to review the current research work based on 
computational advancement in the area of kidney disease and also identify the gaps or future scope 
to improve the process of classifying kidney disease at earlier stage.

Keywords
CADs, Convolutional Neural Network (CNN), DL/AI/ML in Healthcare, Kidney Disease, Medical Image 
Processing

1. Introduction of CKD

Initial intervention generally reduces severe disease progress. A report published by Elsevier in 
February 2020 it shown in figure 1, is indicating the worldwide Growth of Kidney Disease problem 
is alarming. Near about 8 million peoples are affected by various kinds of kidney related diseases 
most of kidney disease categorized as Chronic Kidney Disease (CKD) or Acute Kidney Injury (AKI). 
Chronic Kidney Disease are progressive and non-recoverable in most of cases and Acute kidney 
injury are 100% recoverable. But it is also observed that during the treatment of Acute kidney injury 
around 30% to 40% patients also started to suffer the Chronic Kidney Disease (CKD), which is very 
serious and danger situation for the patients.

Prevalence rates for chronic kidney disease in select countries worldwide in 2017 (per 100,000 
population)

CKD is a condition where the gradual loss is being observed in the functionality of the kidneys 
disallows the purification of the blood. CKD is one of the clinical problems considering the process 
of dealing with the disease at its final phase and from top to toe likelihood of expiry (Bikbov & 
Vos, 2020; Bulletin of the World Health Organization, 2018). Due to kidney disease, according to 
the WHO (World Health Organization) incidents and deaths reported in 2018 in United States only 
shown in Figures 2 and 3, respectively.
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According to a survey by (National Kidney Foundation, 2002), 60% cases are addressed in 
undeveloped and developing countries. In Bangladesh around 18% of the peoples are affected with 
kidney disease and among them most of the patients are affected with DM (Diabetes Mellitus Type 
1) (39.02%) and DM-2 (Diabetes Mellitus Type 2) (41.46%). In India, the rise in mortality rate due 
to chronic diseases has been observed as 3.78 million in 1990 (40.4% of total deaths) to 7.63 million 
in 2020.

1.1 Risk Classification of CKD
It has been observed that Antivirals, Hyperventilation or Medications and habdomyolysis can also led 
to kidney injury. Therefore, as per WHO reports many Acute kidney injury cases has been reported 
during the treatment of COVID-19 also.

Figure 1. Chronic kidney disease prevalence rates for select countries worldwide 2017

Figure 2. Incidents reported in United States from 2010 to 2017
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Several articles have been published (Assmann, Cullen, & Schulte, 2002; Initiative KDOQ. K/doqi 
clinical practice guidelines on hyper-tension andantihypertensive agents in chronic kidney disease, 
2004; Zandi-Nejad, Luyckx, & Brenner, 2006; Hippisley-Cox et al., 2008; Deng et al., 2017) about 
CKD risks & its analysis and authors have observed in their research, hypertension and diabetes are 
the most common cause of the Chronic Kidney Disease. Apart of hypertension and diabetes, numbers 
of factors increase the risk of affecting kidneys such as obesity, smoking, old age, high blood pressure 
(hypertension), certain inherited diseases, family history of cancer and so on. In medical domain, 
to identify the kidney disease, nephrologist (doctors) suggests the different medical reports based 
on patient’s situation. These reports are urine(urinalysis) key parameters are (RBCs - £2 RBCs/hpf, 
WBCs - £2-5 WBCs/hpf), blood tests, imaging tests such as CT scans or MRIs, comprehensive 
metabolic panel, urine culture, complete blood count, liver or renal panel, Antibiotic Susceptibility 
Testing and kidney biopsy. Risk Classification of CKD and Evaluation Plans are mentioned in Table 1.

As we know initial intervention generally reduces severe disease progression. In the view of the 
technological advancements for diagnosing the KD (Kidney Disease) several automated tools can help 
to identify and classify Kidney Disease Because of in healthcare various tools has been implemented 
to classify the multiple diseases using AI, Deep Learning and Machine Learning i.e advanced 
computational technologies can play an important role to predict Kidney Disease at earlier stages.

2. Computer-aided diagnosis tools and technique

Upon reviewing, it is observed that Machine learning, the subset of artificial intelligence could develop 
relationships using the data where defining them priorly would not be necessary (Deng et al., 2017; 
Bhaskar & Manikandan, 2019). Machine learning is classified into three types namely Supervised 
Learning, whose objective is to learn a mapping from inputs x to outputs y, input-output pairs 
D Xi Yi

i
n= ={( , )}
1

. Here D denotes a training set, and N training examples. Unsupervised Learning 
is another type in which only inputs are provided D Xi

i
n= ={( )}
1
 and to find “interesting patterns” 

from the data. Reinforcement learning is another type that plays a very crucial role in predicting 
the behavior of the data.

Deep learning (DL), one of the applications of artificial intelligence, relies on algorithms to 
process the data and recreation for emerging concepts. It allows computational models that can be 
composed of multiple processing layers using neural networks that include variety of techniques. 
The most recognized algorithm, convolutional neural network (CNN) is a part and parcel of Deep 
Learning models that has become an indispensable process in tasks comprising image detection. In 
(Khalifa, Taha, Ezzat Ali, Slowik, & Hassanien, 2020), It states that there are three key methods that 
successfully work CNNs for image classiðcation: a) training the “CNN from scratch” b) using “off-
the-shelf CNN” features extraction as corresponding information channels disease identiðcation and 
3) performing ðne-tuning of target images. Architecture for the classification of images is as shown 
in Figure- 3. Working procedure and functionality of CNN are also well defined in (Khalifa, Taha, 
Ezzat Ali, Slowik, & Hassanien, 2020).

CNNs consist of convolutional layers which are characterized by an input map I, a bank of 
filters K and biases b. As mentioned by jekfine in their article, If input as type of image with height 
H, width W and C (red, blue, and green) such that IÎRH×W×C. Subsequently for a bank of D filters we 
have KÎRk1×k2×C×D and biases bÎRD, one for each filter. Neural Network is a super set of all types of 
deep learning approaches. The major benefits of neural networks over conventional programming are 
problems solving ability. Therefore, Neural network technology is seen as cutting-edge today. Neural 
networks efficiently handle problems like Prediction and pattern recognition. But neural network 
also has some limitations that it cannot apply neural network or deep learning technique everywhere 
because of huge complication. To get the higher accuracy of result from deep learning approaches, 
the size of data set should be very large i.e deep learning approaches are not suggested for small or 
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average size datasets owing to the higher levels of training requirements for neural networks. After 
the major success in 2013, KAIST University in South Korea, Deep Learning experts trained their 
deep learning model with chest x-rays and mammography images for the detection of lung and breast 
cancer with an accuracy of 97%. Several researchers have initiated their research in the direction 
of predicting the kidney disease at earlier stages using AI, Deep Learning, Machine Learning and 
fuzzy computation.

3. COMPUTATIONAL TECHNOLOGY GROWTH TOWARDS CKD DIAGNOSIS

Taking advantage of the information from various types of data for the betterment of the process 
of diagnosing Deng, Su-Ping, et al. in Deng et al., 2017 mentions the utilization of clinical and 
pathological features evaluation of Genomic alterations, DNA methylation proðles, RNA and 
proteomic signatures in KIRC. Gene expression proðles, DNA methylation expression and clinical data 
are downloaded from TCGA data portal. To predict the cancer stage primarily, network constructed 
from gene expression data, network constructed from DNA methylation data, secondarily, order to 
investigate the potential of using networks as a diagnostic tool fused networks (network constructed 

Table 1. Risk classification of CDK and evaluation Plans

S. No Stages of CIO Glomerular 
filtration rate

Action Plans

1 Kidney injury with 
normal GFR

90 and above Analysis of comorbid situations, phylogenies, decrease 
in risk

2 Failure of Kidney with 
mild decrease

60 to 89 Estimate disease evolution

3 Moderate reduction 30 to 59 The Valuation and dealing of ailment problems

4 Severe lessening 15 to 29 Research in additional treatments like dialysis and 
replacement of the kidney for Renal failures.

5 Kidney fiascos Less than 15 Kidney standby therapy

Figure 3. Death case reported in United Ststes from 2010 to 2017
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from DNA and network constructed from gene expression) from two data types: gene expression and 
DNA methylation. In this paper it is claimed that they have achieved a good accuracy in the prediction 
of the KIRC cancer stage via the fused network. The data taken by the authors is not sufficient, so 
the authors has used the simulated data which cannot be consider during the experiment/ evaluation 
of critical disease.

In (Zhang et al., 2019) Hui Zhang, et al., it is suggested that morphological cascade CNNs 
are based on multi-intersection over union (IOU) threshold in their works. For the identification of 
minor injuries (1-5 mm), 2 convolution layers in morphology, adapted Feature Pyramid Networks 
(FPNs) in faster RCNN and combined 4 IOU threshold cascade RCNNs are being implemented. For 
experimentation, medical CT scan image data set, published by NIH (National Institutes of Health) 
has been utilized. Experimentation has a requirement of Hardware with Intel Core i5, 2.7GHz CPU, 
8GB RAM that supports Ubuntu, a NVIDIA GTX 1080 video processing card and software’s that 
includes Cascade RCNN deployed in pytorch 1.0 framework, and Faster RCNN used for tensorñow 
- GPU 1.8. And both python3.5, cuda 9.0 and cudnn 7.1.4. MATLAB based frameworks are utilized. 
In the work the authors have mentioned about the damage done to the kidney through CNN. As we 
know that CNN or DL requires large input set but, in this experiment only 985 kidney images were 
used. which is not enough.

For the prediction of CKD Himanshu Kriplani et al., (Kriplani, Patel, & Roy, 2019) proposed 
Deep Neural Network. In 2015 UCI Machine Learning Repository named Chronic Kidney Disease data 
set is used for proposed Deep Neural Network. The data set comprises of 400 instances, 25 attributes 
in which 11 are numeric and 14 are nominal. All instances were classified into two categories; 105 
has label CKD and 119 has label NCKD (Non CKD). Categories data set is split into two parts 60% 
and 40%, 60% used for training purpose and 40% for testing. With the help of the confusion matrix, 
the overall performance of the model with an accuracy of 97% has been measured. The authors 
mentioned that 18 parameters used during the creation of model but they did not mentioned the 
details of any parameters.

Navaneeth Bhaskar and Suchetha M et al., in (Bhaskar & Manikandan, 2019) proposed a new 
sensing technique for the automatic detection of CKD. The technique is based on a one-dimensional 
CNN algorithm and SVM classiðer. To test the technique, authors collected 102 samples, including 
40 healthy volunteers and 62 individuals with CKD. Samples are dropped via input opening of the 
chamber for the process of testing which relies on the amount of ammonia gas produced, changes in 

Figure 4. CNN
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the electrical conductivity of the gas sensor. Deep learning CNN–SVM algorithm is used for automatic 
computation and classification of the features from the output signal of the sensor.

In (Khalifa, Taha, Ezzat Ali, Slowik, & Hassanien, 2020), Nour Eldeen M. Khalifa et al suggested 
a novel optimized approach for the process of classification of 5 various categories of renal cancer, 
clear cell carcinoma (KIRC), breast invasive carcinoma (BRCA), lung squamous cell carcinoma 
(LUSC), lung adenocarcinoma (LUAD) and uterine corpus endometrial carcinoma (UCEC) with 
respect to available images in the dataset. The approach is implemented in 3 phases, preprocessing, 
augmentation, and deep CNN architecture. Under the preprocessing technique, the high dimensional 
RNA sequence is optimized to select the optimum number of features using BPSO-DT and then, 
converts the RNA-Seq into 2D images. The augmentation phase increases the original dataset of 2086 
samples to 5 times larger, and finally developed deep CNN architecture to classify KIRC, BRCA, 
LUSC, LUAD and UCEC cancer. To perform the experiment, researchers used a software package 
(MATLAB), Intel Xeon E5-2620 processor (2 GHz), 32 GB of RAM and 12 GB Nvidia GTX Titan 
X GPU speciðc. To check the accuracy of proposed approach, confusion matrix model is used. 
Researchers claim minimum 95% accuracy to classify all the 5 types of cancer.

Ya feng Ren, HaoFe et al presents a hybrid neural network model in (Ren, Fei, Liang, Ji, & Cheng, 
2019). In their works, researchers analyzed the relationship between hypertension and kidney disease. 
They Collected dataset of patients suffering from diseases or only hypertension. Center points of 
proposed hybrid neural network model are reimplementation of baseline systems, design the discrete 
model using Naive Bayes (NB), Support Vector Machine (SVM) and Gradient Boosting Decision 
Tree (GBDT) and neural network using CNN. The accuracy varies from 64.9 to 81.2% with respect 
to different models and features. The Model used in the experiments are LR, NB, SVM and GBDT 
and feature with respect to every model are Numerical, Textual and Textual-Numerical.

In (Ravizza et al., 2019), it is said that comparison of predictive analytic algorithms using real 
data could achieve equivalent or enhanced accuracy which is distinguishable with clinical trial data. 
The accuracy provided for the identification of CKD risk Red, Roche/IBM algorithm is compared 
with alternative algorithms proposed by Dunkler et al. (Han, Hwang, & Lee, 2019), Vergouwe et 
al.(Thong, Kadoury, piche, & pal, 2018), d Keane et al.(Ravishankar, Prabhu, Vaidya, & Singhal, 2016) 
and Jardine et al.(Ravishankar et al., 2016). Roche/IBM algorithm performs better when compared 
to others. Also, in (Weng, Reps, Kai, Garibaldi, & Qureshi, 2017) Stephen F. Weng et. Al. tried to 
assess machine-learning algorithms and check cardiovascular risk prediction which can be improved 
through ML. complexity, Predictive accuracy and sensitivity of Random forest, logistic regression, 
gradient boosting machines, neural networks algorithms were compared for the same medical data 
(24,970 incident cardio-vascular events). In 2017 Geert Litjens et. Al in (Litjens et al., 2017) published 
an article “A survey on deep learning in medical image analysis” reviewed the major deep learning 
concepts pertinent to medical image analysis.

Comparison of various research techniques along with their data source and data size and critics 
shown in table 2.

4. FINDINGS AND FUTURE DIRECTIONS

It is believing that artificial intelligent (AI) playing a significant role in the healthcare offerings. 
Various deep learning and machine learning models based on Computer-Aided Diagnosis techniques 
for CKD have been reported. Most of the proposed works are based on segmentation via CNN or 
ML, their effectiveness in terms of the datasets used, although the developed models are learning on 
smaller datasets. Well-defined large CKD patients (real-time) datasets are still needed. Comparing 
accuracy of previously reported model by many researchers is highly challenging, due to variances 
in data set and their characteristics as no direct quantitative metrics or mechanism are available for 
comparison. Building such common datasets would be a time consuming and a cost ineffective activity. 
Data and the truth tables would be considered as most significant elements for the consideration to 
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continued on next page

Table 2. 4 Year Survey on Technological Growth Toward Ckd Diagnosis

Author Name 
and Publication 

Year

Applied 
Computational 

Techniques/ 
algorithms

Source of 
Dataset Research approach

Ozrgun Cicek et 
al.(Olaf, 2016), 
2016

Neural Network (deepl 
learning)

South African 
toad Xenopus 
laevis

Authors introduced concept of an end-to-end learning, that semi-automatically 
and fully-automatically segments a 3D volume from a sparse annotation. It offers 
an accurate segmentation for the highly variable structures of the Xenopus kidney.
In this article proposed u-net architecture as an extension for semi- automatic and 
full automatic segmented architecture. Accuracy measured in terms of Intersection 
over Union (IoU) of their architecture. Researchers collect 248 sample of “Xenopus 
kidney” dataset from South African toad Xenopus laevis in the form of 132 × 132 × 
116 voxel images and used as an input to proposed architecture with 3 channels and 
output generated voxels images 44×44×28 at final layer is in x, y, and z directions 
Respectively. Weighted softmax loss function is used in training phase and 
researcher claimed accuracy is 0.863 in 3-fold cross validation.

Xiaoguang Lu et 
al.(Lu,Xu, & Liu,), 
2016

CNN and FCN ((deep 
learning) Sample Collection

Research presents a new framework based on CNN and FCN called dual learning 
architectures and fusion for organ detection. To localize the organ probabilistic 
graphical model in proposed architecture. A right kidney CT body scan image 
contains a stack of axial slices used as Inputs in CNN model. 450 samples were 
collected from 450 patients to train the CNN models.

Fang Lu et al., 2016 Neural Network (deep 
learning) and Graph cut

MICCAI-Sliver07 
and 
3Dircadb1

In this article, 3D deep CNN-based technique is used to identify the liver location 
and perform the segmentation task through 3D graph cut based segmentation 
refinement. Researcher used 40 CT scan images from public data set source available 
on MICCAI - Sliver07 and 3Dircadb1. Parameters used in the result analysis are 
VOE, RVD, ASD, RMSD and MSD. The proposed technique performed much faster 
when compared to manual segmentation system but in number of cases they fail to 
segment CT images. Similar kind of task (localization of Anatomical Structures in 
3D Medical Images) is performed on different dataset with a different approach.

Hariharan 
Ravishankar et al., 
2016

Neural Network (deep 
learning)

LOGIQ E9 
scanner

This article mentions the implementation of a new hybrid deep CNN model with 
CaffetNet features to automatically segment and quantity abdominal shape in foetal 
ultrasound images. In this work, authors used Ultrasound data as an input for their 
model. Sample size used is 90 and source of input (Ultrasound data) was LOGIQ 
E9 scanner https://www.gehealthcare.in/products/ultrasound/logiq/logiq-e9-with-
xdclear). Merits of deep learning 
and conventional features are also explored in this article.

Hariharan 
Ravishankar et al., 
2017

Neural Network (deep 
learning)

2-D fetal 
ultrasound images

This article presents the extended work and proposed a hybrid approach combining 
traditional texture analysis methods using deep learning and HOG – GBM features. 
70 samples of 2-D foetal ultrasound images used to check accuracy of proposed 
technique. To avoid the vanishing gradient problem, they used ReLU as the activation 
function.

William Thong 
et al., 
2016

Neural Network (deepl 
learning) Sample Collection

To diagnosis kidney disease, fully automatic framework presents for kidney 
segmentation using CNN. To predict the class membership model trained through 
patch-wise approach. 3 random subsets were generated from 79 sample data. Present 
framework is fully based on 2 D inputs and evaluation of segmentation is based on 
linear, Nearest Neighbour, Bilinear interpolation methods.

Su-Ping Deng et al., 
2017

Network fusion method 
and Generalized linear 
model.

TCGA

Proposed a novel concept called Network fusion method. The work done is about 
the cancer stage prediction in the kidney. To predict the label of a new sample semi-
supervised learning is used. The results have proved that Network-based LASSO 
Label Prediction (NLLP) method has good potential. Major problem with this work 
is results have generated through simulated data. Simulated data cannot be trusted for 
treatment in a dangerous disease like cancer.

Stephen F. Weng 
et al., 
2017

Machine-learning 
Algorithms

Clinical Practice 
Research Data 
link (CPRD)

Compared different established machine-learning algorithms like random forest, 
logistic regression, gradient boosting machines, and neural networks to predict first 
cardiovascular event over 10-years. Comparison was performed on 3,78,256 CPRD 
dataset and findings risk prediction improved by random forest +1.7%, logistic 
regression +3.2%, neural networks +3.6% and by gradient boosting +3.3% . This risk 
prediction is based on 29 parameters.

Timothy L. Kline 
et al., 
2017

Deep Neural Network TEMPO study

Described a fully automated deep Neural Network approach for Fully Automated 
Segmentation of Polycystic Kidneys disease. Researchers simulated MR Image with 
multi-observer approach to predict an accurate result. 2000 DICOM image dataset 
is used in Deep Neural Network. Proposed approach offered effective process to 
measure the TKV imaging biomarker for kidneys patients.
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Table 2. Continued
Author Name 

and Publication 
Year

Applied 
Computational 

Techniques/ 
algorithms

Source of 
Dataset Research approach

Eli Gibson et al., 
2018 Deep Learning TCIA and BTCV

To segment multiple organs, proposed a registration-free deep-learning-based 
segmentation algorithm based on dilated convolutions, dense feature stacks, 
batch-wise spatial dropout, up-sampling and V-network down-sampling. During 
the experimental study, liver, gallbladder, spleen and left kidney types of organs 
have been segmented. Adam optimizer is used to train the network. In this study, 
ninety abdominal CT images of the spleen, left kidney, gallbladder, esophagus, liver, 
stomach, pancreas and duodenum are used. Proposed technique is compared with 
deep-learning-based VoxResNet and MALF-based DEEDS +JLF pro.

Hui Zhang et al., 
2019

Morphological image 
processing technique 
and Neural Network 
(deep learning)

Deep Lesion 
(PACSs)

Author proposed a Framework of kidney lesion detection, that mainly includes two 
steps: first acquisition of six different sizes lesions detection feature maps and second 
multi-IOU cascade RCNN. In the work the authors have mentioned about the damage 
done to the kidney through CNN. As we know that CNN or DL requires large input 
set but, in this experiment only 985 kidney images were used. which is not enough

Navaneeth Bhaskar 
et al., 
2019 Machine learning 

technique and Neural 
Network (deep learning)

Sample Collection

Proposed new electronics-based sensing mechanism for the automated detection 
of kidney disease, and it monitors the urea levels in the saliva sample. The sensing 
mechanism consists of a gas sensing chamber, Arduino board and an MQ-series 
ammonia gas sensor. The conversion reaction is carried out inside the gas chamber. 
Testing is performed by dropping the sample through the input opening of the 
chamber for normal sample sensor produces a voltage of 0.62–0.93 V. Their results 
are promising with good accuracy but there is need for sample testing towards 
accuracy of analysis of this approach.

Yafeng Ren et al., 
2019

Hybrid neural network
EHR Data of 12 
Hospitals (2012-
2017)

Proposed Hybrid neural model based on (BiLSTM) and Auto encoder networks 
for identifying kidney disease in hypertension patients. In proposed model mainly 
includes BiLSTM and Autoencoder. BiLSTM is used for learning and deal with 
textual description information and Autoencoder deal with physical indicators. Used 
35,332 HER data sample to check the accuracy of implemented model. The proposed 
model may be used for coronary heart disease prediction in hypertension patients.

Stefan Ravizza 
et al., 
2019

Roche/IBM algorithm IBM Explorys 
database

Researchers presents a novel Roche/IBM algorithm, implemented in IBM lab. 
Algorithm was tested on 550,00,000 INPC huge data set. Roche/IBM algorithm is 
used over the real-world data and achieved the good accuracy

Seokmin Han et al., 
2019 Deep Learning

Seoul National 
University 
Bundang Hospital

Proposed deep learning approach using convolutional neural network and ROI for 
three-layer classification to classify the renal cancer in kidney. In the article, crucial 
information about data set is missing.

Nour Eldeen M. 
Khalifa et al., 
2020 Deep learning approach Tumor gene 

expression dataset

Authors have proposed a common framework in his research work to classify five 
different types of cancer. To know the accuracy and precision of the proposed 
framework, the authors have used 2086 sample, in which KIRC (kidney related 
dataset) number is only 537, it is not enough for a deep learning techniques.

Shi Yin et al., 
2020 Boundary distance 

regression andPixel 
classification networks

US images

Proposed boundary distance regression and Pixel classification networks approach. 
The approach is good but has average performance and significantly better than deep 
learning-based pixel classification networks. To check the performance 185 sample 
of Kidney Pole images were used.

Ho Sun Shon et al., 
2020 Deep Learning TCGA

Proposed an end-to-end, cost-sensitive hybrid deep learning (COST-HDL) approach 
with a cost-sensitive loss functions. This approach is more efficient compared to 
traditional data mining techniques and conventional machine learning. To check the 
efficiency authors used Gene expression data with 1157 sample size.

Guozhen Chen et al.

Neural Network (deep 
learning)

miRNA genome 
data

Authors has proposed Adaptive hybridized Deep Convolutional Neural Network 
(CNN) for the early detection of Kidney disease. authors have used datasets that 
present at https://www.mediafire.com/. The proposed AHDCNN explore the 
consistent renal cell rating forecasts from CT (CECT) images. ACCURACY 
ANALYSIS is well defined in result experiments. Efðciency of the proposed model 
at all classiðcation thresholds level is explained through ROC curve.
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apply deep learning or machine learning methods. The inadequate datasets are a major problem to 
further advancement of Computer-Aided Diagnosis techniques and models In Chronic Kidney Disease 
(CKD). Finally, upon reviewing the various literature, it can be said that the prediction of CKD 
can be improved in different ways only with the development of machine learning or deep learning 
models. It can also be made possible through exploring the performance-complementary properties 
(Hybrid Model) using a combination of deep learning model, fuzzy logic and statistics techniques 
(lot of classical statistical methodology are present through which establish an equation or curve) for 
scratch medical image, pathological microscopic image and text data dataset.

5. CONCLUSION

Computer-Aided Diagnosis Tools and Technique for Chronic Kidney Disease have adept various 
domains including medical research with magnificent achievements, and an interest has emerged 
progressively in radiology. Although most of researcher have focused on deep learning method to 
classify the CKD and proposed the good model also. Most of the research is facilitating learning on 
smaller datasets because of the non-availability of sufficient dataset. one more interesting factor is 
maximum research is based on medical image data, no one have considered the pathological dataset 
during their research. As per doctor opinion to predict the kidney diseases at right time or earlier 
stage pathological report behavior of patient must be observed. Sometime “pathological based data” 
indicate abnormality at earlier stage but to correctly classify the abnormality medical images have been 
required. Similarly, sometime medical images indicate abnormality at earlier stage but to correctly 
classify the abnormality pathological based data have been required. As a research point of view, lot 
of scope is available to identify and classify kidney disease using advanced computational techniques.

Although deep learning has become a dominant method to classify the CKD and several high-
proðle successes of deep learning and machine learning technique have been reported in table 2, most 
of the research is facilitating learning on smaller datasets.
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ABSTRACT

In this study, different models were created to reduce bias by ensemble learning methods. Reducing 
the bias error will improve the classification performance. In order to increase the classification 
performance, the most appropriate ensemble learning method and ideal sample size were investigated. 
Bias values and learning performances of different ensemble learning methods were compared. 
AdaBoost ensemble learning method provided the lowest bias value with n: 250 sample size while 
Stacking ensemble learning method provided the lowest bias value with n: 500, n: 750, n: 1000, n: 
2000, n: 4000, n: 6000, n: 8000, n: 10000, and n: 20000 sample sizes. When the learning performances 
were compared, AdaBoost ensemble learning method and RBF classifier achieved the best performance 
with n: 250 sample size (ACC = 0.956, AUC: 0.987). The AdaBoost ensemble learning method 
and REPTree classifier achieved the best performance with n: 20000 sample size (ACC = 0.990, 
AUC = 0.999). In conclusion, for reduction of bias, methods based on stacking displayed a higher 
performance compared to other methods.

Keywords
Boosting, Deep Learning, Ensemble Learning, Machine Learning

INTRODUCTION

Machine learning methods have been widely used in the field of data mining in recent years. Machine 
learning algorithms based on the theoretical structure of statistics and computer science can provide 
high performance in data extraction, estimation and classification. With the development of technology 
in the field of health, there has been a rapid increase in data. Traditional statistical methods have been 
insufficient in terms of performance regarding data extraction and classification. Machine learning 
methods have been a powerful alternative to traditional methods because they both save time and 
provide high performance. Machine learning methods form the basis of many artificial intelligence 
applications. These methods are used in many medical fields such as diagnosis, early diagnosis and 
pattern recognition.
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Although machine learning methods are widely used and can be easily learned from data, there 
are cases where they cannot provide high classification performance in all conditions. In some cases, 
although there is a high performance learning from the training data set, a poor performance is given 
regarding test data sets. There are different reasons for this issue. Although the model provides high 
accuracy performance with the training data set, the main reason for the low accuracy performance 
with the test data set is the problem of overfitting. The problem of overfitting is an error caused by 
the model’s memorizing the data instead of learning the pattern in the training data set. The model 
that memorizes the data during the training phase provides a high accuracy performance but gives a 
low accuracy performance with different data due to failure to learn the pattern in the testing phase. 
This error, which causes the problem of overfitting, is described as variance in machine learning. 
Variance is not the only error in machine learning. In the training phase, the model does not provide 
high accuracy performance with the training data set. A model that shows low accuracy performance 
during the training phase will also demonstrate low accuracy performance during the testing phase. 
The failure of the model to achieve the desired accuracy performance in the training data set is 
described as the problem of underfitting. The problem of underfitting occurs when the bias error is 
high. Bias is an error caused by the inability of the model to learn the pattern in the training data set. 
There are different reasons for the occurrence of bias. One of the reasons is that the correct model has 
not been selected for the training data set. Some models are not sufficient to classify the data set and 
learn the pattern. These models are weak classifiers. Therefore, strong classifiers are used to reduce 
bias. However, while strong classifiers provide high performance with training data sets, they might 
show a lower performance with test data sets. This issue induces the problem of overfitting. Another 
method to reduce bias is to increase model complexity. Increasing model complexity is important 
for reducing bias in the training data set. However, since increasing model complexity also increases 
variance, it results in a poor performance with the test data set.

Numerous studies have been conducted on the reduction of bias in the classification. Brain and 
Gwebb (1999) investigated the effect of sample size on bias and variance in classification. They 
stated that increasing sample size had no effect on bias. Brain and Gwebb (2002) have examined 
the suitability of algorithms used for the classification of small data sets for use for bigger data sets 
and their effects on bias and variance. Liu et al. (2016) proposed a different approach that includes 
selection in order to reduce bias in machine learning and classification. Cawley and Talbot (2010) 
conducted a performance assessment by examining the effects on bias and variance in case of 
excessive learning in model selection. In their study, Hainmueller and Hazzlet (2014) proposed the 
Kernel-based least squares method to reduce bias in machine learning methods. By using the Naive 
Bayes method in their study, Yang and Webb (2009) stated that classification error could be reduced 
by managing bias and variance. Suen et al. (2005) compared the performances of bias and variance 
reduction techniques by combining them in regression trees. Lee et al. (2010) produced results with 
lower bias by using weight tendency scores in machine learning methods in their study. In his study, 
Aminian (2005) aimed to reduce bias and variance by using the Jensen-Shannon divergence. Noh et 
al. (2014) stated in their study that by changing the distance metric, bias can be reduced in the nearest 
neighbor method. Varma and Simon (2006) conducted studies on the use of cross-validation in the 
prediction of bias in model selection. In their study, Perdue et al. (2018) aimed to reduce model bias 
in deep learning classifiers by utilizing reverse neural networks.

Different methods have been developed to improve classification performance and reduce errors 
in machine learning. One of those methods is ensemble learning. The ensemble learning method is 
based on the assumption that joint estimation of estimates obtained by multiple classifiers may have a 
higher accuracy than the estimation of a single classifier (Zhang and Ma, 2012). In this sense, ensemble 
learning methods have proven to be popular and powerful method among machine learning methods. 
Ensemble learning methods are showed Figure 1. Wang et al. (2014) used ensemble learning methods 
in their study for the classification of emotions. Shi et al. (2011) used ensemble learning methods 
in their study for text classification. Han and Liu (2011) made use of different ensemble learning 
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methods for remote image classification. Hsieh et al. (2012) utilized ensemble learning methods in 
their study for early detection of breast cancer. Sun (2007) utilized ensemble learning methods in his 
study for the classification of EEG signals.

Ensemble learning methods are widely used for early diagnosis of diseases. Ensemble 
learning methods provide high classification performance. Kazemi and Mirrashondel (2018) used 
ensemble learning methods to predict kidney stones. Tadepalli and Lakshmi (2019) proposed a 
machine learning-based model for IVF prediction. Farahani et al. (2018) proposed a ensemble 
learning-based hybrid model to detect lung nodules from CT images. Fitriyani et al. (2019) 
proposed an ensemble learning-based prediction model for predicting diabetes and hypertension 
diseases. Wang et al. (2019) proposed a model based on stacking ensemble learning method for 
detection of prostate cancer.

In this study, different approaches were taken into consideration to reduce the bias 
observed in the machine learning methods during the training phase. There are many studies 
on overfitting and variance errors in the literature. However, there are very few studies aimed 
at reducing bias during the training phase. In our study, different methods that provide the 
highest performance for bias reduction were compared. In order to examine the effect of 
sample size on bias, data sets with different sample sizes were studied. In this study, the aim 
was to develop the most appropriate model in order to reduce bias and minimize the errors 
in the training phase. It is aimed to minimize the bias error and increase the classification 
performance. In order to increase the classification performance, the most appropriate 
ensemble learning method and ideal sample size were investigated. In this study, it is aimed 
to determine the most successful ensemble learning method in order to reduce the bias error. 
The effects of sample size on classification performance were investigated. In the model, 
the performances of boosting, voting stacking, bagging methods and SVM, SGD, NB, RBF, 
REPTREE classifiers were compared.

Figure 1. Ensemble Learning Methods
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MATERIAL AND METHODS

Data Set
The data set of this study was produced hypothetically with simulation by considering the 
statistical parameters in the studies conducted on hemogram values ​​of patients with coagulase 
infection and healthy individuals. Data production with simulation was carried out in accordance 
with the normal distribution, taking into account the mean and standard deviation parameters 
of the variables. Compliance of simulated data to normal distribution was checked with Q-Q 
graphs. 10 data sets were created in different sample sizes (n: 250, n: 500, n: 750, n: 1000, n: 
2000, n: 4000, n: 6000 n: 8000, n: 10000 and n: 20000). The study included 1 target (Group) 
and 14 predictors (Gender, Age, Eosinophil, Monocyte, Hemoglobin, Hematocrit, Platelet, 
Neutrophil, Lymphocyte, RBC, WBC, CRP, MCV and IG). The definition of variables is 
summarized in Table 1. WEKA (Waikato Environment for Knowledge Analysis) version 3.9 
was used for the evaluation of the data.

Pre-Analysis Dataset and Feature Selection
Outlier and extreme values in the data set were examined by Local Outlier Factor (LOF) algorithm. 
The LOF Algorithm scales the distance of objects close to it for each data depending on the local 
densities of the data. It is a powerful method used to detect local outlier, outlier and outlier observations 
(Breunig et al.2000; Lee et al. 2011). Outlier and extreme values were excluded from the study. 
Standardization was applied to quantitative data. In order to provide the best classification performance 
and to reduce the noisy data by identifying the variables that are not related to the model, feature 
selection was applied to the predictor variables. As a result of feature selection, CRP and gender 
variable, which had the least contribution in explaining the target variable, were excluded from the 
model. The feature selection process is shown in Figure 2.

Table 1. The definition of the Variables in the Current Study

Variables Definition Role

Group Patient/Control Target

Gender Male/Female Predictor

Eosinophil Integer Predictor

Monocytes Integer Predictor

Hemoglobin Integer Predictor

Hematocrit Integer Predictor

Platelets Integer Predictor

Neutrophil Integer Predictor

Lymphocytes Integer Predictor

RBC Integer Predictor

WBC Integer Predictor

Age Integer Predictor

CRP Integer Predictor

MCV Integer Predictor

IG Integer Predictor
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Machine Learning Experimentation Methods
In this study, 10 data sets consisting of different sample sizes were trained to evaluate the classification 
performances with different classifiers and ensemble methods. Data sets were trained with Support 
vector Machine (SVM), Stochastic Gradient Descent (SGD), Radial Basis Function Classifier (RBF), 
Naive Bayes, REPTree, Random Forest and K-NN classifiers. Random Forest and K-NN classifiers 
were excluded from the model because they had overfitting problems. The performances and bias 
rates of Bagging, Boosting, Voting and Stacking ensemble methods were evaluated in addition to 
the performances of each basic classifier in the model. AdaBoost method was applied for Boosting 
ensemble method. Random Forest classifier was utilized as meta classifier in the Stacking method. 
In the comparison of the bias rates, the mean of the bias rates of the classifiers in the non-ensemble 
method and the bias rates of the Boosting, Bagging ensemble methods were compared. Data sets were 
trained with K-10 fold cross-validation and by division into 70% training and 30% testing. Performance 
comparisons were performed with Accuracy, Precision, Recall, AUC and Kappa metrics. The bias 
values of the ensemble learning methods during training were also compared. The confusion matrix 
for metrics are given Table 2. Main model of study and process are shown in Figure 3.

Accuracy
TP TN

TP TN FP FN
=

+
+ + +

	

Precision
TP

TP FP
=

+
	

Recall
TP

TP FN
=

+
	

Figure 2. Importance Values of Predictor Variables

Table 2. Confusion Matrix

Actual Condition

Positive Negative

Test Result
Positive True Positive (TP) False Positive (FP)

Negative False Negative (FN) True Negative (TN)
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Bagging
Bagging (Bootstrap Aggregation), one of the first ensemble learning methods, is a simple and effective 
method. Developed by Breiman (Breiman, 1996) this method is based on the training of different 
subsets of a data set resampled by Bootstrap method in parallel with separate classifiers and testing 
in the same data set. The ensemble decision is determined by applying the majority voting method 
to the estimates obtained from each classifier. (Zhang and Ma, 2012).

Boosting
Boosting is a powerful ensemble method based on weighting that offers a more precise 
and powerful classification chance by focusing on iterative steps and errors in the previous 
training at each step (Schapire, 1990). Although it is structurally similar to the Bagging 
method, in Bagging method, the majority decision is determined by the majority vote for 
the estimates produced in separate classifiers at the same time. In the Boosting method, the 
processes proceed in an iterative way and not simultaneously. In each iterative process, a 
strong classifier is obtained by Boosting method in order to prevent the same errors from 
occurring by considering the errors in the previous estimation. (Zhou, 2012). One of the most 
powerful Boosting algorithms is the AdaBoost algorithm. AdaBoost algorithm minimizes 
the exponential loss function (Freund and Schapire, 1996).

Voting
Voting, one of the widely used ensemble learning methods, is based on combining estimates obtained 
from different classifiers. In the Voting process, several different classifiers train the same data set in 
parallel. The Voting process is applied to all estimates obtained by each classifier and the estimate 
of the majority is accepted as the estimate of the ensemble (Hansen and Salamon, 1990; Zhang and 
Ma, 2012).

Stacking
The Stacking ensemble learning method accepts estimates that different classifiers obtain from the 
training data set as input for a meta classifier. These input data, consisting of estimates, are re-trained 
in the meta classifier to obtain ensemble estimation (Wolpert, 1992; Zhou, 2012).

Figure 3. Classifiers, Ensemble Methods and Main Model of Study
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Classifiers
Support Vector Machine
It is a powerful classifier that is widely used in classification processes. In the linear plane, two 
hyperlines are formed as a boundary to separate the data belonging to the two groups. These lines 
aim to keep the distance between the lines at the highest level in an optimal way to separate the data 
of the two groups. It is a supervised machine learning algorithm that produces successful results for 
linear and nonlinear classification problems. Hyperparameter optimization is performed to ensure the 
best classification values. Support vector machines can be implemented with different core functions 
(Vapnik, 2013; Cortes and Vapnik, 1995).

Stochastic Gradient Descent
Stochastic gradient descent applies a classification process that supports loss functions and penalties 
in linear models. Its successful performance with high data sizes makes this classifier popular. While 
a normal gradient descent model considers all values in the data set and iteratively works on the 
entire data set when changing weight, in the stochastic gradient descent model a single point is taken 
into account. This provides rapidity compared to other methods (Bottou, 2010; Çürük et al. 2018).

Naive Bayes
Naive Bayes is a supervised classifier based on probabilistic calculations grounded on Bayes theorem. 
It can produce successful results in big data. The properties in the data set are independent of each 
other. The Naive Bayes classifier estimates which class the samples in the data set are included in 
(Rish, 2001). Naive Bayes classifier is very successful in the classification of categorical data such 
as text mining (Serrano-Guerrero et al. 2015).

Radial Basis Function Classifier
The radial basis function classifier is based on radial-based function neural networks and provides the 
least squares error in the optimization process using the BFGS method. In this method that performs 
supervised learning, normalization is applied to all features [0,1] (Frank, 2014).

Reduced Error Pruning Tree (REPTree)
The Reduced Error Pruning Tree (REPTree) classifier determines the best tree among the many 
decision trees it produces with different iterations. The average squares error generated by the tree is 
used as a measure for pruning with the aim of estimation. Knowledge acquisition and variance are 
used to classify and form a decision tree. One of the most important aspects of this classifier is that 
it is a fast classifier. (Srinivasan and Mekala, 2014; Kalmegh, 2015).

Results
In the first stage, the performances of 10 data sets with different sample sizes were evaluated in base 
classifiers without using any ensemble learning methods. Accuracy, Precision, Recall, AUC and 
Kappa metrics were compared. The findings of the comparison are given in Figure 4. According to 
the findings in Figure 4, SGD classifier provided the highest performance with n: 250 sample size 
in accuracy metric. As for the n: 20000 sample size, the REPTree classifier provided the highest 
performance. In all metrics, the REPTree algorithm showed a performance increase parallel to the 
increase in sample size. The performances of the classifiers according to the sample sizes are shown 
in Figure 4.

In addition to the performances of base classifiers, their performances with ensemble methods 
were also evaluated in the study. accuracy performances of classifiers in different sample sizes with the 
Boosting (AdaBoost), Bagging ensemble methods and without any ensemble method were compared. 
The highest performance in terms of accuracy metric was observed in the AdaBoost (Boosting) 
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ensemble method. AdaBoost method significantly improved performance for Naive Bayes, RBF and 
REPTree classifiers. The ensemble methods did not provide a significant increase for SVM and SGD 
classifiers. The highest performance was observed in the REPTree classifier in the AdaBoost ensemble 
learning method. Additionally, increasing sample size in REPTree classifier contributed to increase 
in performance. The accuracy performances of ensemble methods and classifiers at different sample 
sizes are shown in Figure 5. In terms of Precision, Recall and Kappa metrics, the performance results 
of the methods and classifiers are similar to the accuracy metric results. Again, the best performance 
in these metrics was achieved with the AdaBoost ensemble learning method. The performance of 
methods and classifiers in terms of Precision, Recall and Kappa metrics are shown in Figure 6, Figure 
7 and Figure 8 respectively. In terms of AUC metrics, the AdaBoost ensemble learning method was 
the best performing method for all classifiers. The highest performance was achieved with n: 20000 
sample size with the REPTree classifier and the AdaBoost ensemble method. The performances of 
the methods and classifiers in terms of AUC metric are given in Figure 9.

In this study, classification performances of ensemble learning methods at n: 250 and n: 20000 
sample sizes were evaluated. The highest classification performance in the n: 250 sample size 
was demonstrated by the RBF classifier with AdaBoost ensemble learning method. The highest 
classification performance in the n: 20000 sample size was demonstrated by the REPTree classifier 
with AdaBoost ensemble learning method. The classification performances of the methods are shown 
in Table 3.

The main findings of the study are the bias values that emerged in the training data set of 
ensemble learning methods. At this stage, the bias values the ensemble learning methods revealed 

Figure 4. Performances of Base Classifiers at Different Sample Sizes
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Figure 5. Accuracy Performances of Ensemble Methods

Figure 6. Precision Performances of Ensemble Methods
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Figure 7. Recall Performances of Ensemble Methods

Figure 8. Kappa Performances of Ensemble Methods
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Table 3. All metrics performances of ensemble methods at n:250 and n:20000 sample sizes

n: 250 n:20000

Acc. Prec. Recall AUC Kappa Acc. Prec. Recall AUC Kappa

Base Classifier

SVM 0,936 0,938 0,936 0,936 0,872 0,947 0,948 0,947 0,947 0,894

SGD 0,940 0,940 0,940 0,940 0,880 0,948 0,948 0,948 0,948 0,895

Naive Bayes 0,888 0,888 0,888 0,970 0,776 0,874 0,874 0,874 0,962 0,749

RBF Classifier 0,940 0,941 0,940 0,977 0,880 0,945 0,946 0,945 0,984 0,890

REPTree 0,852 0,860 0,852 0,901 0,704 0,977 0,977 0,977 0,991 0,953

Adaboost

SVM 0,924 0,925 0,924 0,974 0,848 0,947 0,948 0,947 0,984 0,894

SGD 0,912 0,912 0,912 0,954 0,824 0,949 0,950 0,949 0,989 0,898

Naive Bayes 0,932 0,932 0,932 0,980 0,864 0,919 0,921 0,920 0,982 0,839

RBF Classifier 0,956 0,956 0,956 0,987 0,912 0,960 0,960 0,960 0,993 0,919

REPTree 0,912 0,913 0,912 0,976 0,824 0,990 0,990 0,990 0,999 0,981

Bagging

SVM 0,932 0,933 0,932 0,958 0,864 0,946 0,947 0,947 0,954 0,893

SGD 0,948 0,949 0,948 0,970 0,896 0,946 0,947 0,946 0,960 0,892

Naive Bayes 0,888 0,888 0,888 0,968 0,776 0,874 0,877 0,874 0,962 0,748

RBF Classifier 0,944 0,945 0,944 0,979 0,888 0,948 0,948 0,948 0,986 0,893

REPTree 0,916 0,916 0,916 0,974 0,832 0,984 0,984 0,984 0,998 0,967

Stacking 0,944 0,944 0,944 0,975 0,888 0,978 0,978 0,978 0,994 0,955

Voting 0,944 0,945 0,945 0,978 0,888 0,955 0,955 0,955 0,992 0,909

Figure 9. AUC Performances of Ensemble Methods
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in the training data set were compared. In the comparison, the mean values of bias obtained from 
single classifiers and classifiers in the AdaBoost and bagging methods were calculated. According 
to the comparison results, the lowest bias (bias error) value was obtained by AdaBoost method with 
n: 250 sample size. On the other hand, in all other sample sizes (n: 500, n: 750, n: 1000, n: 2000, 
n: 4000, n: 6000, n: 8000, n: 10000, n: 20000), the lowest bias value was provided by the Stacking 
ensemble learning method. It was observed that bias value decreased with increasing sample size in 
the Stacking ensemble learning method. The performances of the ensemble methods with their bias 
values are given in Figure 10.

DISCUSSION

The development of technology has enabled significant achievements to be achieved in human 
health. Technology has made people’s lives easier. Diseases could be early diagnosed (So et al. 
2017; Parisi et al. 2018). Access to health information has become easier (Beam and Kohane, 2018). 
New treatment methods have been developed (Scheeder et al 2018). Telemedicine services and 
home nursing services have reached even more widespread use (Ramkumar et al. 2018). Important 
improvements have been made in elderly care and elderly health (Özsungur, 2019a; Özsungur, 
2019b). The accuracy performance of medical imaging reports and laboratory results has increased 
(Suzuki, 2017). Artificial intelligence and machine learning methods form the basis of technological 
developments in the health system.

Behind the artificial intelligence technologies that have been rapidly in recent years are powerful 
machine learning methods. The high performance of classifiers plays an important role in the popularity 
of machine learning methods. The first condition for the high success of classification in machine 
learning methods depends on minimizing the bias in the training data sets of classification algorithms 
and the model learning the pattern correctly. Different methods have been developed in order to have 
high classification performance in machine learning methods. Some of those methods are ensemble 
learning methods. Ensemble learning methods are based on the principle that the performance of 
multiple classifiers will be better than the performance of a single classifier. In their study, Wang et 
al. (2011) compared the performances of the credit scores of different countries by classifying them 
with basic classifiers, Bagging, Boosting and Stacking ensemble methods. Accuracy, type 1 and type 
2 error metrics were evaluated in the comparison. They achieved the best performance with Bagging 

Figure 10. Bias Performances of Ensemble Methods



International Journal of Big Data and Analytics in Healthcare
Volume 6 • Issue 2 • July-December 2021

27

and Stacking ensemble methods and Decision Tree classifier. They stated that the Bagging method 
showed a better performance than the Boosting method. In our study, the best performances were 
provided by RBF classifier in the Boosting ensemble method and REPTree classifier in large sample 
size. Tan and Gilbert (2003) compared the performance of C4.5 basic classifier, Bagging and Boosting 
ensemble learning methods for cancer classification in their study. In the study, it was observed that 
Bagging and Boosting ensemble methods outperformed the basic classifiers. In our study, ensemble 
methods provided higher accuracy performance as well. Sun (2002) used ensemble learning methods 
to predict sound accents in a study. The ensemble learning methods were observed to provide better 
results than basic learners. In their study, Kaur and Kaur (2014) compared the performances of 
different classifiers in ensemble learning methods. As a result of the comparison, they observed that 
ensemble methods increased the performance compared to the basic classifiers. Das and Sengur (2010) 
compared the performances of ensemble learning methods in the diagnosis of heart disorders in their 
study. They stated that AdaBoost ensemble method provides higher accuracy performance than basic 
classifier, Bagging and random Subspace ensemble methods. The AdaBoost method provided the 
highest accuracy according to the findings of our study as well. Our study demonstrated the effect of 
ensemble learning methods on bias in training data sets. In their study, Liu and Cocea (2017) made a 
recommendation based on granular calculation to reduce bias in ensemble methods. Lu et al. (2017) 
used the ensemble learning methods in their study to reduce the bias in the new computer-enhanced 
diagnosis systems used for the detection of breast cancer.

CONCLUSION

In our study, the ensemble learning methods were observed to reduce bias in the training data set. 
Stacking ensemble learning method has been identified as the most successful method in reducing 
bias. On the other hand, increasing sample size in Voting, Bagging and Boosting ensemble methods 
does not contribute to decreasing bias. It has been observed that increasing sample size in the Stacking 
ensemble method contributes to reducing bias.

Ensemble learning methods make a significant contribution to reducing bias in accuracy 
performance and training data sets when used with appropriate data and appropriate classifiers. The 
use of the Stacking ensemble learning method contributes significantly to the reduction of bias. 
Not each classifier or ensemble method provides an increase in performance despite increasing 
sample size. The AdaBoost (boosting) ensemble learning method provides high performance with 
RBF classifier in small sample size data set and REPTree classifier in large sample size data set in 
accuracy performance.

In future studies, it is planned to create hybrid models based on the stacking ensemble learning 
method. Hybrid models based on ensemble learning model can be applied for early diagnosis of 
diseases. Ensemble learning-based hybrid models are predicted to be classified with high performance.
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ICTs and Domestic Violence (DV):
Exploring Intimate Partner Violence (IPV)
Bolanle A. Olaniran, Texas Tech University, USA

ABSTRACT

The use of information communication technologies (ICTs) to empower individuals through social 
support, help-seeking, and help-providing activities is finding its place in healthcare delivery. ICTs, 
in particular, offer access to timely and relevant information that domestic violence victims and 
organizations can tap into. Thus, this article explores the use of ICTs for providing and facilitating 
support and care-giving services to victims/survivors of domestic violence with online communities 
and other groups.

Keywords
Caregivers, Domestic Violence, Healthcare, Information Communication Technologies, Intimate Partner Violence, 
Migrant Women Workers

INTRODUCTION

As a communications medium, Computer-Mediated Communication (CMC) could connect 
geographically dispersed individuals without the constraints of time or space. Thus, individuals with 
diverse backgrounds, experiences, and ethnicities can share information and communicate with other 
individuals or groups (e.g., online community) at one time over the Internet. Online communities—
where individuals with similar interests and/or experiences come together to interact—can benefit 
from CMC as a tool for seeking, gaining, and sharing knowledge and experiences. It is these 
communities—groups of individuals with similar interests and experiences who are connected using 
information communication technologies (ICTs) and whose conversations are facilitated through CMC 
use—that makes these ICTs a valuable tool for social support. Thus, this article proposes, the need 
to explore the use of ICTs; specifically, the role of CMC as a support medium for victims/survivors 
of domestic violence (DV). DV is an issue critical to healthcare and the overall general well-being 
of women, their families, and societies in general (Olaniran & Rodriguez, 2013).

BACKGROUND ON DOMESTIC VIOLENCE

ICTs offer access to timely and relevant information, which allows DV organizations to serve as 
advocates and respond to specific cases of abuse (Hamm, 2001). Online DV organizations also provide 
other advocates with health and support information in order to better facilitate and provide a solution 
to victims/survivors of DV and other related types of sensitive healthcare issues (Campbell, Sy, and 
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Anderson, 2000; NCIPC, 2003). The amount of information available online is also used to provide 
online training for individuals and organizations that deal with violence against women (VAW). A 
specific focus in this paper is the use of ICTs for providing and facilitating support and care giving 
services to victims/survivors of DV. Traditionally, ICT use in healthcare and healthcare delivery, 
primarily focus on hospital settings such as health care givers interaction with one another and 
patients or pharmacies and other agencies such that issues surrounding telemedicine and informatics 
are a commonplace. Notwithstanding, the Center for Disease and Control (CDC) classifies domestic 
violence as a serious public health issue (2008). According to CDC (2017), domestic violence is 
a serious, yet preventable, public health problem affecting more than 32 million Americans—over 
10% of the United States population (CDC, 2008, 2017). The intimate partner violence (IPV) alone 
affecting more than 12 million people each year. Women are disproportionately impacted (CDC, 2017).

National Domestic Violence Statistics
•	 1 in 4 women and 1 in 7 men will experience severe physical violence by an intimate partner in 

their lifetime (CDC, 2017).
•	 1 in 10 women in the United States will be raped by an intimate partner in her lifetime.
•	 An estimated 9.7% of women and 2.3% of men have been stalked by an intimate partner during 

their lifetime (CDC, 2017).

Other Domestic Violence Data
•	 Female victims of intimate partner violence experienced different patterns of violence than 

male victims.
•	 Female victims experienced multiple forms of these types of violence, male victims most often 

experienced physical violence. Most of this victimization starts early in life.
•	 Approximately 80% of female victims experienced their first rape before the age of 25 and 

almost half experienced the first rape before age 18 (30% between 11-17 years old and 12% at 
or before the age of 10).

•	 About 35% of women who were raped as minors were also raped as adults compared to 14% of 
women without an early rape history.

•	 28% of male victims of rape were first raped when they were 10 years old or younger (see CDC, 
2017).

Studies have also demonstrated the impact of intimate partner violence on the endocrine and immune 
systems through chronic stress or other mechanisms (Breiding, Black, & Ryan, 2008; Crofford, 2007; 
Leserman & Drossman, 2007). The problems include but not limited to Fibromyalgia, Irritable bowel 
syndrome, Gynecological disorders; Pregnancy difficulties such as low birth weight babies and prenatal 
deaths, sexually transmitted diseases including HIV/AIDS, Central nervous system disorders, Heart or 
circulatory conditions. Intimate partner violence (IPV)—whether sexual, physical, or psychological 
—leads to various long-term chronic disease and other health issues that exhibit PTSD symptoms 
(CDC, 2017; Roberts, Klein, & Fisher, 2003).

TYPES OF DOMESTIC VIOLENCE

According to Saltzman, Fanslow, McMahon, and Shelley (2002), there are four major categories of 
DV, including:

•	 Physical violence is the intentional use of physical force with the potential for causing death, 
disability, injury, or harm. Physical violence includes, but is not limited to, scratching; pushing; 
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shoving; throwing; grabbing; biting; choking; shaking; slapping; punching; burning; use of a 
weapon; and use of restraints or one’s body, size, or strength against another person.

•	 Sexual violence is divided into three categories: 1) Use of physical force to compel a person to 
engage in a sexual act against his or her will, whether or not the act is completed; 2) Attempted 
or completed sex act involving a person who is unable to understand the nature or condition 
of the act, to decline participation, or to communicate unwillingness to engage in the sexual 
act, e.g., because of illness, disability, or the influence of alcohol or other drugs, or because of 
intimidation or pressure; and, 3) Abusive sexual contact.

•	 Threats of physical or sexual violence use words, gestures, or weapons to communicate the intent 
to cause death, disability, injury, or physical harm.

•	 Psychological/emotional violence involves trauma to the victim caused by acts, threats of acts, or 
coercive tactics. Psychological/emotional abuse can include, but is not limited to, humiliating the 
victim, controlling what the victim can and cannot do, withholding information from the victim, 
deliberately doing something to make the victim feel diminished or embarrassed, isolating the 
victim from friends and family, and denying the victim access to money or other basic resources. 
It is considered psychological/emotional violence when there has been prior physical or sexual 
violence or prior threats of physical or sexual violence.

In addition, stalking is often included among the types of IPV. Stalking generally refers to 
harassment or threats including: –following or appearing at a person’s home/residence or place of 
business, harassing phone calls, leaving written messages or objects on an individual’s property, and 
vandalizing properties (Hien & Ruglass, 2008).

Social Networks and DV
DV support groups and services on social networks and new media are a unique type of community, 
where individuals who have experienced DV can understand, access support, and interact with others—
particularly victims/survivors—about the issues surrounding DV. DV organizations, activists, and 
support groups have begun to—and will continue to increase services, goods, information, and the 
support they provide via ICTs. At the same time, the number of women who experience DV continues 
to increase each year (Woodluck, 2016). Consequently, this is a very serious and continuing challenge 
to public health. DV is a serious matter of concern that needs, and certainly deserves, further inquiry. 
The role of ICTs in providing/facilitating support for victims/survivors is important in understanding 
this potentially dangerous healthcare problem.

Research suggests that being involved with or living with an abusive partner can have a profound 
impact on a woman’s general and mental health (El Morr & Layal, 2019; Longo, 2018; Simmons, 
Lindsey, Delaney, Whalley, & Beck, 2015). Studies also show that women who have experienced 
physical or sexual abuse also tend to experience bad health more frequently than other women; and 
consequently, many become engaged in risky behaviors such as: smoking, physical inactivity, alcohol, 
and drug abuse (Ellsberg, Jansen, Heise, Watts, & Garcia-Moreno, 2008; Gonzales & Gavillano, 
1999; Silverman, Raj, Mucci, & Hathaway, 2001).

CHALLENGES AND PROBLEMS WITH DOMESTIC VIOLENCE

Financial
Domestic violence can include financial abuse either during the time the victims are staying with 
their abusers or after victims/survivors have left their perpetrator. DV victims can be punished 
through lack of monetary support. Given many women who experience(d) domestic violence tend 
to be uneducated and unemployed—typically, relegated to household management—they appear to 
be helpless, according to research studies (Barnett, 2000; Women’s Health, 2009). Consequently, 
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victims/survivors of DV tend to demonstrate a lack of willingness to leave their perpetrators mainly 
because they lacked autonomy in their financial undertaken (Hauge & Kiamanesh, 2019; Hien & 
Ruglass, 2008; James, Brody, & Hamilton, 2013; Shilubane & Khoza, 2014). At the same time, those 
who leave their abusers are faced with the reality that they lack necessary skills to become gainfully 
employed or earn enough income to survive (ACLU, 2007; Shilubane & Khoza, 2014).

Due to economic abuse and isolation from supportive relationships, the victim usually has little 
to none of their own savings to rely on and usually few people they can count on to assist them 
when seeking help (StopVaw, 2010). This has been shown to be one of the greatest obstacles facing 
victims of DV, and the strongest factor that can discourage them from leaving their perpetrators 
(StopVAW, 2010). Survey data indicated that 36 percent of US cities reported DV was a primary 
cause of homelessness in their area (ACLU, 2007). Furthermore, apartment complexes tend to have 
a zero-tolerance policy for crime, to the extent that DV victims may face eviction from their housing 
and be forced to break their rental agreement (ACLU, 2007). In this situation, the victim is also faced 
with becoming homeless or having to move to a shelter.

Personal and Family Safety
According to Hien and Ruglass (2008), victims/survivors of DV “live with intense shame and fear 
that prevents them from taking action to protect themselves” (p. 50). In addition to shame and fear, 
several abused women suffer from psychiatric disorders (e.g. PTSD, depression, substance abuse) 
due to their exposure to violence, which may affect their ability to, “mobilize their psychological and 
social resources and take action” (Hien & Ruglass, 2008, p. 50). It is well documented that the act 
of help-seeking can actually be more of a challenge to abused women by slowing down the healing 
process (Hien & Ruglass, 2008; Leone, Johnson, & Cohan, 2007; Morrison, Luchok, Richter, & Parra-
Medina, 2006; WHO, 2016). More specifically, when women face judgmental responses (Morrison 
et al., 2006), they are left feeling “guilty, depressed, anxious, distrustful of others, and reluctant to 
seek further help” (Campbell & Raja, 2005, p. 97).

Despite the increasing amount of available shelters, this service is not utilized by most battered 
women. It was found that less than 2% of severely abused women reported seeking help from a shelter 
in the past twelve months, while victims of minor violence did not seek help from shelters at all 
(Clark, Burt, Shulte & Maguire, 1996; Olaniran & Rodriguez, 2013). As a matter of fact, it has been 
reported that 38% of women murdered globally were victims of IPV (WHO, 2016). Furthermore, 
because abused women tend to reconcile with their significant other, it is problematic for shelters 
to help women dealing with DV. As a result, the quality of help for abused women at these shelters 
is negligible (WHO, 2016). The problem workers at shelters reported to have with abused women 
returning is due to their measure of success, where success is measured depending on the number 
of women who do not return without accounting for the reason why they are not returning. There is 
currently no good evidence supporting the effectiveness of shelters for female victims of DV (Orpin, 
Papadopoulos, & Puthussery, 2020; Radar Services, 2008).

There is limited research about the effectiveness of hotlines, yet researchers, Dugan, Nagin, 
and Rosenfeld (2003) noted that “the availability of hotlines in the city, the presence of DV units or 
training programs in police departments and prosecutors’ offices, and the employment of trained 
legal advocates on the prosecutor’s staff” each appear to influence retaliation or revictimization by 
abusive partners (p. 24). Therefore, rather than assisting abuse victims/survivors—as these systems 
and programs were designed to do—they have been found to backlash (Dugan et al., 2003; WHO, 
2016). Unlike traditional resources, DV support/information services via CMC are on the Web in 
a virtual environment; therefore, these services are not physically present and, perhaps, would not 
influence revictimization. Another important service for battered women is the health care system, 
which has not played an active role in identifying or intervening in domestic violence. Research 
indicates that over one-fifth of women who seek treatment in hospitals display symptoms of DV, 
however, protocols for DV screening are not invoked or utilized (Orpin et al., 2020; WHO, 2016). 
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For women who are not connected to other systems, or DV services, it is imperative that hospitals 
serve as initial intervention point. From there, women may receive information about where to seek 
help and find other services.

Technology-Mediated Form of IPV
There are other and non-physical ways for partners or former partners to perpetrate violence against the 
woman. An emerging and growing trend is the use of communication technology to commit violence 
against women (Powell & Henry 2018). Using social media, smart phones, email and mobile phones, 
the abuser can harass a former partner with unwanted phone calls, image sharing, and texting (i.e., 
hacking). Furthermore, the abuse can be maintained at a constant and high level, without the abuser 
being physically present. Surveillance apps have been used to enable perpetrators to monitor and 
stalk either current or former partner (Williams, 2015). New spyware that can be linked to mobile 
phones is readily available and allows the perpetrator to read partner’s email and monitor all other 
electronic devices. The spyware can identify a victim’s current location and can be set up to mirror 
the phone or a personal computer where the perpetrator can watch everything the victim is doing. 
Seldomly, a tracking device may be attached to the woman’s car so that she can be easily stalked 
(Stolz, 2017). Indeed, the woman or victim may not even be aware of the illegal tracking until the 
device is located by auto mechanics. Technology-mediated violence against women can traumatize 
and isolate women, because online interactions relate to daily part of life. The Internet and mobile 
phones are used to maintain social contact, but due to tech stalking, women may have to change their 
online persona or withdraw their digital presence to stop their abuser (Powell & Henry 2018). Many 
of the devices used by perpetrators to intimidate and stalk are easily available, and improvements in 
technology are likely to make them even more so. Consequently, health care service providers need 
to be included in how to recognize potential these technological abuses.

Domestic Violence Against Migrant Women Workers
There are two types of violence when dealing with migrant women workers (MWW). First, there 
is violence against MWW during employment and the other is domestic violence against MWWs. 
However, these two categories are not mutually exclusive. Immigrants, in general face some challenges 
when they resettle in a foreign country. A host of factors influence their experience, including the 
resources they bring to the host country and those they find there. Immigrant women find themselves 
unable to participate or navigate the same resource networks as their male cohorts (Huysman, 2014; 
Olaniran, 2018). In some instances, men serve as intermediaries between the women and community/
state resources. Thus, women are unable to navigate services or available resources on their own, 
their male partners may be the determinant of what services women are able to access in terms of 
resources (Menjivar & Salcido, 2002; Olaniran, 2018).

Furthermore, isolation has been suggested to exacerbate violence against MWW in the sense 
that it is easier for men or intimate partners to control these women both emotionally and physically 
in this manner (Sabina, Cuevas, & Zadnik, 2014). Because of isolation, intimate partners can gain 
control over resources that could offer legal, financial, and/or emotional support to these women 
(Hauge & Kiamanesh, 2019). For instance, it was discovered that when Guatemalan and Salvadoran 
women in the United States received information on domestic violence and their rights at community 
organizations, their partners were not appreciative of such knowledge (Menjívar, 2000).

From a different standpoint, culture (i.e., native culture and host culture) impacts MWW’s 
predisposition to intimate partner violence (IPV). It has been shown that Latino women’s experiences of 
IPV are drastically impacted by their culture and cultural adaptation to the United States (Grzywacz, et 
al., 2009; Orpin, et al., 2017; Sabina, et al., 2014, Yoshihama, Blazevski, & Bybee, 2019). Specifically, 
MWWs’ adaptation to Anglo orientation in USA is presumed to change the family dynamics of the 
Latinos in terms of redistribution of power which often causes tension (Grzywacz, et al., 2009) when 
individuals attempt to renegotiate their roles in their new environment. Intimate partners may view 
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the new cultural shifts in Latino women as threatening to the woman’s traditional roles in the family. 
This consequently increases the risk of IPV (Sabina et al., 2015).

CMC and IPV Victims/Survivors
For the most part, CMCs role in IPV is that of information dissemination. That is, CMC offers the 
ability to link people together in a manner where they can discuss ideas and share advocacy strategies 
in a quick and cost-effective way. These interactions and discussions are facilitated by social media, 
e-mail, listservs, telnet, and teleconferencing in gaining insights to violence against women. At the 
same time, the information dissemination that occurs via CMC has made the issue of DV a global, 
rather than local, one by addressing violence against women irrespective of age, class, race, and 
ethnicity (Tafnout & Timjerdine, 2009).

The Internet has also provided DV organizations with a greater flexibility to reach out to victims/
survivors of domestic violence than previously possible through print and word-of-mouth outreach 
efforts, because it can reach a mass audience (Finn, 2000; Olaniran, 2018). CMC offers new approaches 
for outreach and a new arena for service delivery, which is very attractive to a movement committed 
to social change. While there are many advantages, DV organizations and caregivers are cautioned to 
temper enthusiasm with critical assessment of CMC. The digital divide continues to be an important 
issue in CMC usage and adoption in both developed and developing worlds (Olaniran, 2007, 2010; 
Zheng, 2016). Recent studies confirm existence of the digital divide and found significant correlations 
among variables associated with differences in economic development levels. For instance, countries 
with higher levels of CMC adoption showed positive and significant correlation with gross domestic 
product (GDP), service sector, education, and governmental effectiveness. However, in developing 
countries, population, age, and urban population are positively associated with CMC adoption, while 
Internet costs impact access and usage negatively (e.g., Billon, Marco, & Lera-Lopez, 2009; Zheng, 
2016). Consequently, caregivers and domestic violence organizations are encouraged to address issues 
surrounding the digital divide to understand who benefits from their services—especially those offered 
via CMC and technology platforms. These service organizations also need to weigh the financial costs 
of service delivery with budget allocation decisions before embarking on service delivery through 
CMC. DV organizations must ensure that CMC usage and technologies deployed do not further 
ostracize parts of their targeted audience or potential users like those who do not have access to the 
technologies and disabled those who may very well need their provided services (Olaniran, 2010).

Depending on the type of ICT support used, there is the issue of continue usage beyond initial 
adoption that caregivers and DV organizations need to bear in mind. A study in e-health indicated 
that e-mail support interventions benefit some but not all caregivers and these interventions have 
high non-usage attrition (Chiu et al., 2009). Using the Unified Theory of Acceptance and Use of 
Technology (UTAUT), which explains the intention to use information technology (Venkatesh, 
Morris, Davis, & Davis, 2003), there are four principles including: (1) Performance expectancy, 
which deals with a person’s belief that a new technology will improve task goals; (2) Effort 
expectancy, which is the degree of ease with the use of a new technology. This is similar to the 
Ease of Use (EOU) addressed by Olaniran (2007); (3) Social influence, which addresses the 
level of influence other people exert in their decision to use new technology; and, (4) Facilitating 
conditions focus on the level of support a user has available in using a given technology. These four 
principles affect intention to use and in predicting technology use. As a matter of fact, Venkatesh et 
al. (2003) found that performance expectancy and effort expectancy explain significant proportion 
of the variance than any of the other factors.

In the utilization stage attrition or discontinuation by caregivers occurs. Based on factors such as 
clinical needs and technology aptitude, caregivers with less competence were less likely to continue 
service and those with a more positive attitude toward technology were more likely to continue service. 
Furthermore, upon identifying and experiencing clinical benefits, frequent system users were more 
likely to continue service and concluded that they benefited more from CMC. Consequently, Chiu and 
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Eysenbach (2010) concluded that while usage behaviors are influenced primarily by technological 
factors in the early stages of adoption both clinical and technological factors are critical in the later 
stages of adoption; to the extent that, the frequency of use is influenced by clinical outcomes.

There are other social challenges or barriers that impact the utilization of ICTs in care giving for 
DV victims/survivors. Olaniran (2007) alluded to general social challenges including digital divide, 
illiteracy, and technology illiteracy among others. At times there are those who have access in their 
own homes but are afraid that their abusers may be monitoring their usage or ultimately prevent 
them from using CMCs. Given the socio-economic status of women, access to technology is not 
immediately a given. Some could not afford computer or Internet service, and some have to contend 
with choosing between access (e.g., mobile phone with Internet access) and putting food on the table 
thus, they may have to rely on public assistance. It is alarming that this is the case with domestic 
violence victims/survivors regardless of age, education and socio-economic class. For instance when 
one talks about digital divide in CMC use, traditionally one thinks of the haves and have-nots, which 
is often compounded by the fact that individuals from Economically Developed Countries (EDCs) 
usually enjoy more readily available access to CMCs than those from Less Economically Developed 
Countries (LEDCs) (Olaniran, 2007). Whereas, many individuals (e.g., less educated, poor, and other 
marginalized groups) will be left out. Hence, the issue of technical literacy persists, which hinders 
individuals from the usage of such technology (Olaniran, 2007).

Although the Internet provides a nice medium and several avenues for seeking information and 
services for DV victims/survivors, the Web itself also creates a means for victimization—particularly 
when it comes to privacy. There is the danger of loss of privacy for individuals who access chat 
rooms and post messages on discussion boards and forums (Briggs, 2018; Finn, 2000; Olaniran & 
Rodriguez, 2013). This is because messages tend to be archived and can be searched by abusers, who 
then have access to the location of their victims and ultimately cyber-stalk and harass them (Briggs, 
2018; Kranz, 2002). Also, while CMCs are instrumental in raising awareness and providing necessary 
coping mechanisms to DV victims/survivors, they can also become a tool that abusers use to control 
their victims. For example, for victims who have or possess technological means, such as cell phone 
or Internet access, they may have no control over them because they can be deprived of them at any 
time or when their partners get angry. Tafnout and Timjerdine (2009) offer the plight of DV victims 
in Morocco, where one victim contends: “I have to tell my husband because he must agree. The man 
sees the cell phone as an enemy. If the man has the right to have the cell phone, the woman also has 
the right to have it and needs it” (p. 94). Thus, female victims/survivors may not feel that they are 
able to benefit fully or use ICTs to cope with their DV experiences.

TOWARDS AI, IOT, CLOUD COMPUTING AS SOLUTIONS

For ICTs to succeed as agents of change in the lives of DV victims/survivors, certain things must be in 
place. Caregivers and counselors must help empower women to be self-confident, along with trusting 
in their own abilities to bring about the desired change. For instance, victims must be able to rely on 
their own power and recognize the need to participate or become proactive in decision makings about 
turning unpleasant situations around, despite social, economic, physiological, and family impacts. 
They must conclude or realize that they can gain control of their lives and fate, and the lives and 
destiny of their families and children. More importantly, victims of DV/IPV should be helped in a 
manner where, they not only know how to move from a state of helplessness to confidence in their 
own abilities, but also to be empowered to become advocates for other victims/survivors using CMCs. 
Tafnout and Timjerdine (2009) points to how legal aid shelters for DV victims in Morocco was able to 
accomplish this goal, as women who possessed CMC tools were made aware of the strategic role of 
CMC in protecting and in opening up to what is happening outside their surroundings. According to 
the women, the mobile phone replaces the role of the family in reporting. As one IPV female survivor 
puts it: “In the past when your husband beats you, you seek help from your family who asks you to 
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be patient, but now you can contact a legal center which can make your problem known and thus you 
help other women to reject violence” (Tafnout & Timjerdine, 2009, p. 93). Similarly, by encouraging 
the use of ICTs for support and information services, female victims/survivors can access, retrieve, 
and develop their own understanding based upon their personal experiences and needs.

Another recommendation is to ensure that all DV service providers (e.g., shelters, caregivers, 
hospitals, clinics, counselors, libraries, and so on) are equipped to provide Internet access, as well 
as ensuring that their staff is computer literate. Similarly, education to community groups and 
businesses can include Internet access to domestic violence services as part of the training. Trainers 
can encourage other organizations to bookmark links to domestic violence services on their computers 
and mobile phones, can offer links of local and national domestic violence resources (Olaniran & 
Rodriguez, 2013). Alternatively, there is the suggestion to encourage and promote Internet access in 
public places (e.g., libraries and community centers, where it may be safer for individuals to access 
DV resources that are available online and more importantly, where abusers cannot track victims/
survivors’ browsing history.

In addressing domestic violence, caregivers are susceptible to vicarious trauma. Therefore, the 
best way for a clinician or caregiver to help avoid developing vicarious trauma is to incorporate good 
self-care practices. These can include exercise and relaxation techniques, debriefing with colleagues, 
and seeking support from supervisors (Olaniran & Rodriguez, 2013). Additionally, it is recommended 
that clinicians make the positive and rewarding aspects of working with domestic violence victims/
survivors the primary focus of thought and energy, such as being part of the healing process. Clinicians 
should also continually evaluate their empathetic responses to victims, in order to avoid being sucked 
into the trauma that the victims are experiencing. Subsequently, it is recommended that clinicians 
observe good boundaries, and find a balance in expressing empathetic responses to the victim, while 
still maintaining personal separation from their clients’ traumatic experiences.

Although, ICTs are used to perpetuate IPV as discussed earlier, they can also be used to provide 
plethora of opportunities to reduce IPV. For example, the interconnectedness of technological devises 
through wearables otherwise known as the Internet of Things (IoT) and data mining through big data 
offer potential in this regard. Of importance is the notion body area network (BAN) or monitored 
features that collect and gather data, process it, and identify useful information (Yuce, 2010). 
BAN involves all of the applications and communication on, in, and near the body for monitoring 
physiological signals to detect a reaction to an attack (Rodriguez-Rodriguez, Rodriguez, Moreno, 
Heras-Gonzalez, & Gentili, 2019). At present, smartphones offer 24/7 monitoring capability with 
their accelerometers and GPS that enable to a mechanism for managing information. Furthermore, 
they can send data and information to the cloud, to be either stored, or forward emergency calls in 
case a survivor is at risk.

Similarly, there are other commercial devices, such as the Amazon Echo, which is equipped 
with an artificial intelligence (AI), like Apple Siri (Apple), and Google Home that allows monitoring 
beyond recreational usage (Rodriguez-Rodriguez, et al., 2019). There are also applications in the 
field of home security, such as the commercial Alexa Guard, which provides an alarm when noises 
are detected (such as breaking glass), and can also detect a cry for help that can be adapted to the 
management and prevention of IPV (Huang, Chiew, Li, Kok, & Biswas, 2015; Rodriguez-Rodriguez, 
et al., 2019). It needs to be said that that these technologies are not necessarily fool-proofed because 
they can be hacked or used by IPV offenders as well. However, the technologies still offer another 
layer of protection for victims of IPV.

FUTURE DIRECTION

In the future, it would be interesting to see which types of ICT mediums are preferred or used the 
most by IPV victims/survivors (e.g., chat rooms, searching for information, online counseling, etc.). 
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Future research can assess and evaluate which applications or learning tools are preferred by DV 
victims/survivors in general.

Another direction for the future is to examine the impact of new technology infrastructure or 
platform such as the 5Gs and the ability to deliver services in locales that are still dealing with digital 
divide or lack of access to the state of the art mobile phones and wireless technologies. One area 
of DV that is under explored is that of male victims/survivors of DV. It is troubling that there is not 
much literature in this area when in fact there are vivid evidence that males also suffer from domestic 
violence and IPV. The Bureau of Justice statistics indicated that of the 2,340 DV deaths in 2007, 
30% were male. Perhaps the lack of literature on male as victims of DV is because the information 
is rarely reported by men because of the taboo surrounding men as victims of IPV especially when 
the perpetrators of such violence are women. More importantly, help providers and healthcare givers 
must be aware that ICT usage is not a panacea for IPV victims/survivors notwithstanding.

CONCLUSION

The use of information and communication technology, specifically CMC—will continue to increase 
and expand across all boundaries and collectives of individuals—users, organizations, communities, 
businesses, and so on. Researchers (Finn, 2000, Kranz, 2002, Olaniran, 2007) continuously examine 
the nature of use and effectiveness of ICTs, as technology rapidly changes the ways individuals and 
groups interact and provide information/support services, among others. This paper examines the 
nature of IPV, the role that ICTs play in providing support services to victims/survivors of DV and in 
particular IPV, while offering some recommendations. Finally, as ICTs (e.g., social media’s, networks, 
websites) are gaining popularity even as IPV continues to be a major issue globally. Therefore, the 
role of Internet (i.e., IoTs, cloud computing, and AI) may be in infancy in terms of how to deploy 
ICTs to assist in IPV.
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ABSTRACT

The article assesses data science software to evaluate the usefulness of data science technology in 
addressing concerns such as health disparities. Data science software was analyzed using KDnuggets 
data related to analytics, data science, and machine learning software. Data science functionalities 
include computational processes and frameworks that are relevant for healthcare. This study 
demonstrates the importance of leading applications for conducting data science operations that can 
improve care in healthcare networks by addressing such factors as health disparities.

Keywords
Analytics Software, Data Science, Data Science Software, Health Analytics Software, Health Disparities

INTRODUCTION

The application of data science in health care was studied by many professionals in the health care 
space to forecast its value and particular uses. Although data science is a beneficial tool for new 
knowledge and insights in healthcare, there exist challenges to its application in the domain. These 
challenges include data accuracy, missing data, and standardizing of data (Delaney & Westra, 2016). 
Although these are very important challenges to address, an important axiom to keep in mind is that 
the underlying information complexity to be achieved would have a major effect on the information 
system structure most appropriate for achieving the desired information outcome (Murphy, Murphy, 
Buettner, & Gill, 2015). In addition to these challenges, healthcare specialties such as the biomedical 
field have had challenges acquiring, sharing, and analyzing data (Dunn & Bourne, 2017). Therefore, 
data science in healthcare may in some ways be limited, but it is nonetheless useful to help solve 
significant and common healthcare problems. One such problem is that of health disparities found 
across health care organizations. Addressing health disparity issues allow health organizations to 
optimize patient care approaches and improve outcomes. Health care organizations can benefit through 
the impact data science software can have on their organizations and the multiple ways data science 
can lead to important findings in health care. For instance, the Covid-19 pandemic media coverage 
has reported mortalities among blacks in the United States at a higher rate compared to Caucasians 
(Shelby Lin Erdman, 2020). Is this due to disparities in socioeconomic issues and healthcare access that 
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ultimately may lead to the mortality rate? While not the focus of the paper, it is important to recognize 
the potential that is driving the development and examination throughout the paper and where data 
science can offer some promise. The present study will review data science in relation to addressing 
health disparities in healthcare. It assesses data science software to examine the effectiveness of data 
science technologies that may be used to address problems such as health disparities.

LITERATURE REVIEW

Applications of data science are evident in numerous fields, ranging from research-based disciplines 
such as market, social, and census research to financial, technical, consulting, business, and media 
disciplines (Fayyad, 2012). The field of healthcare has begun to benefit from data science amid 
acquisition of new healthcare technologies. These new technologies also make available new 
opportunities for data science exploration, which can lead to intriguing discoveries from the data 
collected. For example, data science can be an important component of health informatics. Although 
viewed with some skepticism initially, health informatics has been embraced by the healthcare industry 
over time through vital investments in health information technology (HIT), increasing exploration 
of its utility (Detmer & Shortliffe, 2014). Data science may have similar adoption challenges, but as 
data begins to increase at a rapid rate, embracing data science as a discipline and new technology 
will soon begin to make sense. For example, data science software can be important to clinicians 
because it can reduce unnecessary expenses in patient care, improve care quality and patient safety, and 
streamline the patient care process. Additionally, data science can help to determine the level of care 
or the level of care transitions that must occur for the well-being of the patient. Such information can 
come from new insights surfaced in the application of data science to patients’ health improvement.

Data Production
Data science has come to cohere as a recognized field internationally, crossing numerous disciplines 
over decades, and evolving to respond to new data technologies (Liu et al., 2009; Press, 2013; Smith, 
2006). As the healthcare field has met new data challenges in recent years, data science has offered 
powerful tools. It is of high value to note that big data and its application in the healthcare industry 
help to cut costs from analysis performed from electronic medical records (De la Torre Diez, Cosgaya, 
Garcia-Zapirain, & Lopez-Coronado, 2016). Such benefits have been made possible by innovations 
in managing large data sets. The importance of digital data for science is growing, and methods for 
analyzing these data need new data analytics (Westra, 2017).

The field of healthcare is witnessing an ever-increasing generation of large and complex data 
sets, commonly called big data, a term that functions as a shorthand for the diverse objects of data 
science (Rumbold & Pierscionek, 2017). Healthcare has experienced big data increase and therefore 
makes data science approaches to information promising. For example, in GIS applications, big data 
can boost monitoring of public health by combining spatial variables and social health determinants 
(Zhang et al., 2017). More specifically, Allen, Tsou, Aslam, Nagel, & Gawron (2016) conducted a 
study that utilized geographical information systems (GIS) methodologies using data mined from social 
media platforms, leveraging techniques in machine learning, a component of data science, to filter 
through the data before analysis. Data science features a broad variety of techniques including mining 
text, visualizing data, geospatial modeling, machine learning, and predictive analysis. (O’Connor, 
2018). Health care has seen the advancement of data science due to the following: big data, new 
data produced from sources that emerge from clinical trials and research, and the new technological 
capacities available for creating and deciphering data, whether structured or unstructured (Baptista 
et al., 2019). The industry of healthcare is positioning itself to retrieve valuable insights from data 
science technologies and processes, which help to produce noteworthy value, aiding in the significant 
utilization of data science methods and data science software for health care applications.
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For example, information from electronic health records and other organizations such as the 
Center for Medicare and Medicaid Services (CMS) produce clinical data sets that allow for its use 
across multiple important settings in health care (Chase & Vega, 2016). Data sets can store information 
particular to the population, such as demographics, which can help aid in research when incorporating 
other factors such as income into the study. In turn, this can help researchers highlight gaps based 
on the subject matter content of the study (Chase & Vega, 2016). These types of health-centric data 
are necessary for healthcare data science applications, and there can be a significant improvement in 
the analysis of data. Organizations such as CMS can benefit from finding relevant and deep insights 
buried among the complexity of variables and attributes that can exist in their data. Other healthcare 
organizations that work closely with CMS do so through multi-disciplinary aspects that exist in many 
forms, such as that of finance, management, and even policy; especially policy that can have a major 
impact on many health care disciplines that must adhere to CMS standards. For example, many of 
CMS’ policies affect hospitals, providers, and the public. It is therefore imperative that these powerful 
organizations leverage data science for achieving better insights, especially since much of healthcare 
can stand to gain improvements from new policies set forth by organizations such as these.

Data Science and the Data Scientist
To fully tap the potentials of data science, the health care field must develop a sector of well-qualified 
data science specialists focused on health care data issues. The field of data science benefits from 
recruiting individuals that have unique data mining and analytical skills. Individuals that are interested 
in the field of data science should also have an in-depth understanding of data science techniques 
and concepts, especially in the domain of big data. Data science area concerns techniques for the 
extraction of information from various data, with a specific emphasis on ‘Big’ data displaying ‘V’ 
attributes such as veracity, value, variety, velocity, and volume (Maneth & Poulovassilis, 2016).

Data scientists possess an in-depth understanding of data science concepts and the necessary 
skill sets and knowledge to utilize data science techniques. There are a number of hallmarks of an 
effective data science practitioner, which should inform the successful future development of the 
health care data science sector. First, data scientists collect data, manipulate it in a tractable form, tell 
the tale and present the tale to others (Loukides, 2011). In an effort to “traditionally” define the term 
data scientist, authors Liu, et al., (2009), proposed a tentative definition as a scientist committed to 
the study of data collection, analysis, metadata, rapid retrieval, archiving, sharing, mining to discover 
unexpected information and data relationships, two- and three-dimensional visualization including 
movement and management. Second, data scientists are normally familiar with toolkits popular in 
data science such as Python, Perl, R studio, Hadoop, SQL, machine learning software, and the like. 
Open source software, such as the R statistics kit, Python, and Perl are used by one in five data science 
professionals (Fayyad, 2012). Third, the data scientist benefits from artistic skills in the data science 
profession because it allows them to help paint a picture from the phenomena in the data (Loukides, 
2011). A data scientist should have technical expertise, be curious and clever, and have the ability to 
tell a story through data (Patil, 2011). A data scientist should have the capacity to take an issue and 
incorporate multiple solutions for the different difficulties of the major problem at hand (Loukides, 
2011). The skills necessary for a data scientist can vary in range. That is, a data scientist possesses 
skills acquired in computer science or mathematics.

Finally, in addition, a data scientist should be familiar with the four A’s of data, which are 
architecture, acquisition, analysis, and archiving. Ultimately, it is important to note that data scientists 
combine creativity with persistence, the desire to incrementally create data items, the ability to 
experiment and the ability to iterate on a solution (Loukides, 2011). Data scientists also benefit by skills 
in the following areas: a) the capacity to learn the application domain, b) the ability to communicate 
with data users, c) attentive insight into the big picture of a complex system, d) knowledge of how 
data can be represented, transformed and analyzed, e) the capacity to visualize and present data, f) 
attention to quality, and g) ethical reasoning abilities (Stanton & De, 2013).
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MODELS

Applications to healthcare must recognize that the essential components and processes of today’s data 
science can be found in two generally accepted models. A data science project life cycle (Data Science 
Central) 2014 was proposed with 7 components, as follows: 1. acquisition of data, 2. preparation of 
data, 3. model and hypothesis building, 4. interpret and evaluate, 5. implementation, 6. operationalize, 
and 7. optimize (Manna, 2014).

Another model that shows an overview of the data science process was developed by Cielen, Ali, 
and Meysman (2016), which propose six steps, as follows: 1. research goal setting, 2. data retrieval, 
3. preparing the data, 4. exploring the data, 5. modeling the data, and 6. automating and presenting 
the data (Cielen, Ali, & Meysman, 2016). Table 1 Data science analysis process in Table 1 delineates 
the steps that build upon that foundation.

Each major step in the data science process model is comprised of goals and other processes, 
each respective to their major step, as shown in Table 1. Data science utilizes advanced methods to 
help determine predictions from the data used (Fayyad, 2012). Figure 1 shows the decisions that a 
data scientist undertakes when approaching data and the data scientist starts at the top of the figure 
making decisions that branch down to the granular level in each of the paths. As these two models 
are the dominant, organizing conceptual schema of the data science discipline, the development of 
health care data science applications must expect to map health care information needs onto their 
general outlines. Figure 1 developed from (Cielen, Ali, & Mysman, 2016) delineates the data science 
process steps map components.

DATA SCIENCE IN HEALTH CARE

A high demand for data scientists in the field of healthcare has emerged and in the last 10 years, the 
information collected in healthcare systems has increased, making Big Data in healthcare possible (De 
la Torre Diez, Cosgaya, Garcia-Zapirain, & Lopez-Coronado, 2016). In response, healthcare needs 
new models to make information fully meaningful and actionable. Data scientists can contribute new 
knowledge to building innovative solutions that ultimately help all stakeholders in healthcare, from 
the patient to the treating physicians (Adam, Wieder, & Ghosh, 2017). Data science allows for the 
construction of data-driven theories conducive to advanced analytics in the healthcare field (Cao, 
2017). One advantage of using data science processes, such as machine learning and graph analytics 
for deciphering big data, is that analyzing large health datasets can help in the prediction of patient 
outcomes. This, in turn, allows for the right clinical interventions to occur, and for new insights to 
surface for higher quality health care outcomes (Adam, Wieder, & Ghosh, 2017). One goal for data 

Table 1. Data science analysis process

Preprocessing Steps

1. Goal Setting

2. Obtain Data

3. Data cleaning and formatting

Analysis Steps

4. Data exploration and summary

5. Analytical methods

6. Modeling

7. Data automation and operationalization

Interpretation
8. Presentation

9. Discussion and interpretation
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science in healthcare is to extract new insights that will support better decisions, leading to reduced 
costs and the improvement of targeted quality of care for patients (Adam, Wieder, & Ghosh, 2017).

Furthermore, data science can be applied to the integrated analysis of data across fields related 
to health care. For example, collaboration among disciplines such as healthcare, computing, and 
informatics can produce innovations in data-driven theory and data-driven economy (Cao, 2017). It 
is essential, however, that fully trained data scientists undertake the operation of data science software 
in such collaborations. In this way, data scientists can help in decision-making, and leaders working 
in the health care industry can benefit from the insights extracted by data scientists after careful 
analysis of their data (Power, 2016).

Health information and health data analysis have been central to the health care sector for many 
years. In most cases, before the electronic health record system era, patient data were being assessed 
by providers, but unfortunately, the analysis was limited due to the lack of technological capacity. As 
is the case today, providers’ goal was to improve the health of patients, but that presented challenges, 
such as an overload of information that could possibly be missed during initial assessment of the 
patient. This challenge helped to set the stage for the creation and use of electronic health record 
systems. Additionally, the United States Congress has been involved in marketing the use of health 
information technologies since 2004, when Congress began to introduce bills for the utilization of 
health information technologies (HIT) and electronic health information exchange systems (HIE) 
(Marchibroda, 2007).

Some states have made the use of such technology a top priority. This is an important step in health 
care, primarily because in the field of data science, most data comes from a repository or database 
system of some sort. The state of New York has determined there are benefits to healthcare following 
full adoption of HIT and HIE. In 2006, in support of the state’s hope for adoption by the healthcare 
community, the state of New York initiated the Healthcare Efficiency and Affordability Law for New 
Yorkers (HEAL NY), a grant-based program that focuses on three things: 1) electronic health record 
(EHR) adoption, 2) electronic prescribing (ePrescribe), and the development and implantation of 
clinical data exchanges throughout the community (Kern & Kaushal, 2007).

HIT has allowed for the collection of protected health information (PHI). Such information 
includes information surrounding socioeconomic status, sexual orientation, religion, location, race, 

Figure 1. Data Science Process Steps Map
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ethnicity, gender, and mental health. Collection of such information can prepare for focused datasets 
that can allow for applications of data science to help determine disparities in health among types of 
groups in the dataset population.

HEALTH DISPARITIES

The quality of care and outcomes in health deteriorate when there are disparities in elements such as 
socioeconomic status, race or ethnicity, all of which can be devastating and costly to public health. 
Outcomes in health are affected not only by cultural ignorance and callousness by health practitioners, 
but more broadly by social and economic inequities within the habitat of the population (Demeester 
et al., 2017). Health dissimilarities or differences that are associated with disadvantages in social, 
economic, and environmental settings are known as health disparities.

People are typically affected negatively in their health because of the disparate challenges 
they encounter around race, religion, income status, gender, age, mental health, and the like 
(Office of Disease Prevention and Health Promotion, n.d.). Social disadvantages are usually 
associated with structured differences in the healthcare system that tend to lead to health 
disparities (West et al., 2017). For many years people in America have tended to suffer in their 
health due to disparities in income, education, race, and location. Recently, there has been 
an effort at local, state, and regional levels to reformulate healthy standards through various 
determinants of health efforts (Trujillo & Plough, 2016). The Institute of Medicine has deemed 
such inequalities in the services and outcomes provided by health organizations as key issues 
to address. Contributions to such health disparate circumstances are influenced by factors in 
the healthcare system, such as factors in that exist in the elements of culture, provider, and 
those of the patient (McQuaid & Landier, 2017).

In efforts to address health disparities, health organizations have intensified their approach to 
social determinants of health (SDOH). SDOH is defined by the World Health Organization (WHO) 
as conditions in living specific to a person’s environment made up of components such as birthplace, 
habitat or neighborhood life, age, and other factors that contribution to such conditions of living. 
The intensified approach by health organizations target lowering negative threats to health and focus 
on enhancing positive outcomes in health (Hughes et al., 2019). Healthcare is faced with excessive 
costs in healthcare services and such services can become wasteful, inefficient, and ineffectual due 
to the disparities that exist in health (King, 2016; Chin, 2016). Past studies examining disadvantaged 
groups have included the recognition of components that tend to influence disparities in outcomes 
and access in health care. Disparities in health permeate and continue in diverse type of infirmities 
and become expensive to health organizations.

HEALTH EQUITY

Addressing health disparities through mitigation efforts leads to improving health equity 
(Anderson et al., 2018). Health equity can be defined as health excellence achieved through 
the eradication of disparities in health (Office of Disease Prevention and Health Promotion, 
n.d.). Therefore, in an effort to pursue improvements in health equity, the use of data science in 
healthcare should be to aid in the reduction of health disparities. The use of data science software 
can help analyze factors associated to health disparity. It can also aid healthcare organizations 
such as hospitals, clinics, provider practices, community, and public health officials find common 
health disparities that can help emphasize possible interventions for mitigation purposes. Although 
the following evaluation does not specifically treat health care data, it evaluates a number of 
software applications suitable to the kinds of data science operations healthcare organizations 
need to undertake to address issues such as health disparities.
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METHODOLOGY AND DATA SOURCES

KDnuggets is a top influential site for artificial intelligence, data science, and machine 
learning and has received numerous academic citations (KDnuggets, 2020). An assessment 
of data science software was conducted in the study using KDnuggets data. Figure 2 presents 
how several software products reflect the available programs in data science. Among the 
software in the table, only software included in KDnugget’s poll that categorically pertained 
to analytics, data science, and machine-learning software with a 30 percent or greater 
percentage share during the poll year 2019 were selected for the study. The poll conducted 
by KDnuggets sought to identify and measure utilization of analytical, data science, and 
machine learning software among the participants polled. The goal of the approach for this 
study is to use the top utilized software identified by KDnuggets to conduct an assessment of 
the criteria that should be present to leverage data science processes through the utilization 
of data science software that may be used to address health disparities. Data for Figure 2 is 
sourced from (Piatetsky, 2019).

Subsequently, the study incorporated a software selection criteria framework based on the 
following criteria elements: performance, functionality, auxiliary task support, software quality 
characteristics, critical vendor criteria, and software and hardware criteria (Bhargava, 2013). Sub-
criteria were modified in an effort to meet the needs for data science software assessments. Although 
this model was originally created for data mining software, we found the framework applicable to 
data science software. Table 2 delineates the sub-criteria assessed for each categorical segment of 
the data science data selection criteria framework.

Additionally, a project management software scoring model was adopted and the scoring criteria 
was modified to align with evaluation needs for data science software. The original software scoring 
model were comprised of scores of 1 to 4 and included performance indicators of poor (1), bad (2), 
good (3), and excellent (4) (Gharaibeh, 2014). Tables 3 thru 6 are briefly mentioned and described in 
more detail prior to their insertion in the manuscript. Table 3 exhibits the new scoring model modified 
for data science software scoring. Table 4 exhibits the breakdown of the full assessment scored. Table 
5 shows the number of functionality requirements met by functionality type. Total scores in Table 6 
exhibit efforts to rank software derived from total scores.

Figure 2. Software 2019 Percentage Share
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RESULTS

Table 4 exhibits the individual results for the data science software evaluation based on the following 
new framework criteria and sub-criteria. It is important to note that Anaconda is a distributor platform 
and does not necessarily compute data science algorithms. However, it is an important part of a 
data scientist’s toolkit and can facilitate and integrate other important data science applications into 
its platform. This limitation resulted in Anaconda’s score to be lower than the other data science 
applications evaluated.

There are 6 total categories and a total of 38 sub-criteria categories. Table 5 shows the results for 
sub-criteria as it pertains to the total number of types of functionality met. Python and Tensorflow met 

Table 2. Software Selection Sub-Criteria

Performance Functionality
Auxiliary 

Task 
Support

Software 
Quality 

Characteristics

Critical Vendor 
Criteria

Software 
and 

Hardware 
Criteria

Sturdiness Openness Data 
Cleansing Vertical Solution User manual & 

tutorial/training

Internal and 
external 
memory

Time Behavior Completeness Data 
Filtering Interface Type Maintenance and 

upgrading Source Code

Adaptability Binning DBMS Standard Consultancy

Interoperability Record 
Deletion Error Reporting Product 

Established

Procedures Handling 
Blanks User Interface Indirect Benefits

Security Levels Technique Suite

Simultaneous 
users

Graphic 
Capabilities

Big Data 
Processing

Data 
Visualization

Data Sampling Platform 
Independence

Platform Variety

Action History

Ease of Use

Domain Variety

Technical Source

Table 3. Data Science Software Scoring Model

Score Performance Condition

1 Poor None

2 Ok Partial

3 Good/Excellent Full
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Table 4. Data Science Software Selection Criteria Framework

Table 5. Number of Functionality Requirements Met
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the highest number of full functionality sub-criteria components, followed by R language, Rapidminer 
and Excel, SQL language, and Anaconda. Among partial functionality types, Anaconda had the highest 
met followed by Rapidminer, SQL language, Excel, R language, Python and Tensorflow. For those 
with no functionality, the highest number met was Excel followed by SQL language, a tie among 
Python, R language, Anaconda, and Tensorflow. Rapidminer had zero in this category.

Table 6 exhibits the overall scored results for each software ranked from highest to lowest.
The highest rank software programs exhibited in Table 6 indicate that Tensorflow and Python 

met the majority of the sub-criteria components. There were no major differences between tensorflow 
and python. R language was ranked second followed by RapidMinder, SQL language and Excel, and 
Anaconda. There were no meaningful differences noted between the top four software ranked software 
based on their capacity to analyze structured and unstructured data. Although a powerful data extractor 
and data manipulator language, the SQL language in comparison to the four top-ranked software, did 
not fully meet the technique suite sub-criteria and lacked in data visualization capabilities. However, 
SQL should be integrated with software platforms to optimize data processes important to data science 
workflows. Excel showed to be a competitor among the software assessed but lacked in its capacity 
to fully allow big data processing and it is not considered an open source software limiting valuable 
contributions from the development community. As noted earlier, Anaconda is a distribution platform 
and acts as a gateway platform to multiple data science software. Although it scored the lowest due 
to only meeting partial functionality criteria through its capacity to integrate software to its platform, 
it is worth noting that it allows for better efficiencies and access to data science software.

CONCLUSION

The field of data science utilizes various methodological approaches for analyzing data in any domain 
or sector, including healthcare. The healthcare sector has not seen the full benefits of data science. 
However, this sector is beginning to dive into the field to explore new algorithms and methods that 
will aid in higher quality of care and quality outcomes. With the creation of new technologies and 
their capacities of creating data, possibilities into predicting probable outcomes based on historical 
data are now possible (Spruit & Lytras, 2018). Such innovations are especially likely, as this paper has 
argued above, in relation to healthcare sector networks connected through CMS and state initiatives 
such as HEAL NY.

The evaluation insights gained from this study based on the Data Science Software Selection 
Criteria Framework delineate how data science functionalities can help aid healthcare in approaching 
analytical processes with new analytical applications suitable for healthcare. For example, based on 

Table 6. Top Ranked by Score Total
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the highest ranked software in the study, Tensorflow and Python both have the capacity of automating 
and modeling the analysis of variables such as income, education, race, age, and cross-referencing such 
variables to outcomes in patient care and finance to determine outcomes that reveal health disparities. 
This paper documents a process that provides an opportunity to address health disparities. Rankings 
should constantly be revisited due to advancements and development of new software and changes 
within the discipline of data science. Furthermore, contributions in this work allow the healthcare 
community to continually and iteratively evaluate data science software, as progressions are made, 
using the methods in this research.

This paper has demonstrated the data science capabilities through exhibiting the potential utility 
of leading software to perform the kinds of data science operations that can achieve improved care 
within such networks by addressing such factors as health disparities.
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Big Data Applications in Vaccinology
Joseph E. Kasten, Pennsylvania State University, York, USA

ABSTRACT

The development of vaccines has been one of the most important medical and pharmacological 
breakthroughs in the history of the world. Besides saving untold lives, they have enabled the human 
race to live and thrive in conditions thought far too dangerous only a few centuries ago. In recent times, 
the development of the COVID-19 vaccine has captured the world’s attention as the primary tool 
to defeat the current pandemic. The tools used to develop these vaccines have changed dramatically 
over time, with the use of big data technologies becoming standard in many instances. This study 
performs a structured literature review centered on the development, distribution, and evaluation 
of vaccines and the role played by big data tools such as data analytics, data mining, and machine 
learning. Through this review, the paper identifies where these technologies have made important 
contributions and in what areas further research is likely to be useful.

Keywords
Big Data, Machine Learning, Pharmaceutical, Structured Literature Review, Vaccine, Vaccinology

INTRODUCTION

As this manuscript is being prepared, the world is struggling to produce a vaccine to prevent against 
the Covid-19 virus. Research on a wide variety of biological topics is currently underway and these 
build on countless other studies that have been completed over the preceding years. Many of these 
research efforts have relied on advanced analytical and data manipulation tools to both identify 
promising vaccine targets and to evaluate the efficacy of those already administered. The purpose 
of the present effort is to provide a structured review of the research literature describing the use of 
Big Data technologies in the development and evaluation of vaccines.

These analytical tools have been used to extract actionable information from vast databases of 
vaccine trial results (Ackerman, Barouch & Alter, 2017), develop an understanding of the unpredicted 
side effects of already developed vaccines (Iqbal et al, 2015), and predict the immunological attack 
points for future vaccine development (Conti & Karplus, 2019). In each of these scenarios, the use 
of Big Data technologies has helped to create vaccines more quickly, with more efficacy, and to 
identify additional uses for existing vaccines, thus increasing the pool of available vaccines without 
the expensive and time consuming process of developing them from the ground up.

To be clear, this is not a paper devoted to reviewing the technologies specifically utilized in the 
quest for a Covid-19 vaccine, though many of the tools described in this project will have undoubtedly 
been used in this effort. Rather, it is meant to describe the many Big Data-based tools that have been 
used in the recent past that have brought the field of vaccinology and immunology to the point where 
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the development of a complex and critical vaccine such as those coming out for the Covid-19 effort 
can be developed, tested, and administered within the space of a single year. As in so many medical 
breakthroughs, what looks like a standalone discovery is actually the result of years of methodical, 
basic research that has paved the way for a specific advancement to happen in the manner that it has. 
Thus, this review of the literature describes the efforts that have led up to the present successes. The 
contribution made by a paper of this type is two-fold. First, it provides a framework within which 
researchers in the field, or those considering entering it, can place their research. This paper provides, 
for these researchers, a good overview of what is ongoing and, even more importantly, what still 
needs to be done. Secondly, for practitioners this paper represents a guide to those technologies that 
are being used or under development and might provide them with ideas about how to improve their 
processes or even develop new approaches to using big data in vaccinology.

BACKGROUND

When the non-epidemiologist thinks of vaccines, they think of flu shots and other immunizations 
given routinely to children and young adults. But, underlying these medical achievements is the need 
for processing and drawing understanding from huge datasets. Many of these Big Data processes are 
similar to those used in other industries, so from that perspective vaccine development and evaluation 
draws on tools that have matured in other areas such as finance and supply chain (Jordan, Dossou 
& Chang Jr., 2019). It is important, though, to understand how these tools are being employed, for 
as this understanding is more broadly dispersed throughout the data community, new applications 
can be more readily devised and more opportunities for protection from these illnesses and parasites 
can be developed.

Before proceeding with the study, it is important to define what is meant, in this effort, by Big 
Data technologies. This is important because of the wide range of understanding that exists about the 
definitions of Big Data and the tools and technologies associated with it. For the present project, a 
rather wide view of these terms is taken. This will allow the results to paint as clear a picture as possible 
of the state of the art and reduce the number of studies overlooked for terminological reasons. For 
the purposes of this study, the term “Big Data technologies” will include all forms of data analytics, 
machine learning, deep learning, and datamining. To reduce the complexity of the searches, the study 
does not use all possible terms describing these processes. However, the databases searched do a very 
good job of providing results that include other terms related to the basic terms listed above, so for 
example papers including terms such as “artificial intelligence” and “support vector machine” will 
be included even without those terms being used in the actual search expression. The terms used in 
this study are defined below:

•	 Data mining: using software and statistical models to search for patterns in large datasets.
•	 Machine Learning (ML): A broad category of algorithms that use data to train a model to make 

decisions. This includes a very wide collection of models and tools that are beyond the scope of 
this paper but can be reviewed in (Obermeyer & Emmanuel, 2016).

•	 Deep Learning: A branch of machine learning that enables tools such as Artificial Neural Networks 
(ANN). These can be trained to make decisions that support such processes as classification or 
speech recognition. These are closely related to big data technologies because they require very 
large datasets to train and verify the algorithms.

•	 Data Analytics: A broad term covering all of the statistical, visual, and mathematical tools and 
techniques commonly used to analyze and draw meaningful information from big data repositories.

While this is not an exhaustive list of technologies related to Big Data, it provides a good 
starting point with which to examine the literature surrounding the use of Big Data technologies in 
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the development and evaluation of vaccines. The following section details the methodology used in 
this structured literature review.

METHODOLOGY

As this is a structured review of the literature surrounding the use of Big Data technologies in the 
vaccine development and evaluation space, it is crucial to employ a methodology that ensures rigor 
and provides results that can be replicated. The present study follows the process outlined by Briner 
& Denyer (2012). These authors provide a five-step process to follow when completing a study of 
this sort:

•	 Identify the research question(s).
•	 Locate and select relevant studies
•	 Critically appraise the studies
•	 Analyze and synthesize the findings
•	 Disseminate the findings

The study seeks answers to the following research questions:

•	 For which vaccine development/evaluative processes are big data technologies (as defined in 
this study) being used to improve or analyze?

•	 For how long have big data technologies been used to improve or analyze vaccine development/
evaluative processes?

The first research question captures the overarching reason for the study. The second research 
question, once resolved, will provide the reader with an understanding of the maturity level of the 
Big Data/vaccine combination. For researchers, this provides some insight into the availability of new 
research directions, while practitioners in the data science, pharmaceutical, and regulatory fields will 
be able to evaluate how deeply embedded these tools are, and that might lead to a better understanding 
of how they could fit into the overall vaccine development process.

In order to facilitate the structured review, certain “ground rules” must be in place to both ensure 
repeatability and to limit the scope of the review. Therefore, the following stipulations apply to this 
study:

•	 The literature included in the study will consist only of published works such as journal articles, 
conference proceedings, book chapters, etc. White papers, works-in-progress, and other so-called 
“gray” literature, while quite possibly making important contributions to the field are excluded 
from the study. These might be an interesting area of inquiry for future study.

•	 Literature generally aimed at the practitioner, rather than researchers, is also excluded from the 
study. As above, there is likely useful information in these publications, but the point of the 
current effort is to locate the areas currently being researched and developed in the academic 
literature. Again, this would be a fruitful area for future research.

Searches were carried out in many of the major electronic databases that provide coverage for 
the vast majority of scholarly journals in the fields of data analytics, information technology, and 
healthcare. The databases analyzed were ABI/Informs, Emerald, IEEE Explore, JSTOR, Science 
Direct, Scopus, Springer, Taylor & Francis, Web of Science, Google Scholar, PubMed, CINAHL, and 
ACM. The searches were conducted by searching the metadata (title, abstract, keywords) using the 
following search terms in all combinations: big data, data analytics, deep learning, machine learning, 
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data mining (datamining), vaccine, and immunology. These search terms cover a great deal of the 
topic area, but this study does not claim to be exhaustive. However, as the searching continued and 
the amount of duplication among the various databases increased, it seems that this search protocol 
identified a large percentage of the available literature. Figure 1 displays the study protocol.

The returns from the initial set of searches numbered in the thousands. The next step in the process 
was to identify which of the articles in the search results fit the needs of the study. In some cases, 
the article title provided sufficient evidence that the article fit the study. However, for many articles 
the title was sufficiently vague that the abstract, the introduction, and in some cases the findings and 
conclusion, were analyzed to finally determine that the article was indeed about the use of some form 
of Big Data technology in the field of vaccinology. After culling the studies that do not focus their 
attention on the use of Big Data technologies on the development and application of vaccines, there 
remained 325 papers. The composition of these papers and the research themes contained therein 
are described in the Findings section.

FINDINGS

There are two subsections in the Findings section. The first subsection provides descriptive statistics 
for the dataset collected using the protocols described above. The second subsection provides an 
analysis of the various themes and subthemes that are evident in the academic literature.

Descriptive Statistics
Of the 325 documents included in this study, there are only three types of documents represented: 
journal articles, conference proceedings, and edited book chapters. No theses, dissertations, or other 
types of documents were uncovered. Table 1 displays the breakdown of documents by document type.

The proportion of journal articles to conference proceedings and book chapters varied by theme 
but in each case the number of journal articles far exceeds the combination of proceedings and book 
chapters. In only two cases, the group of documents focused on pharmacovigilance and reverse vaccine 
design, were there no conference proceedings or book chapters. These trends will be discussed further 
in the Discussion section.

There was no temporal restriction put on the search terms in order to gain an understanding of 
when the association between Big Data technologies and vaccinology first began and how quickly it 
has grown. Figure 2 provides a graphical display of the growth of Big Data technologies and vaccine-
related literature. A few early papers, the first being published in 1998, made some initial connections 
between the two concepts, but it wasn’t until approximately 2008 that the body of literature began 

Figure 1. Structured literature review protocol

Table 1. Documents found by type

Document Type Number Found

Journal articles 282

Conference Proceedings 34

Book Chapters 9
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to build in earnest. A sharp increase in publications begins in 2013 and peaks in 2019. The searches 
were all complete by the end of November, 2020, so it is likely that the final values for 2020 will 
be somewhat higher. Also, a few publications scheduled for 2021 are included in the data, giving a 
preview of the upcoming activity.

Research Themes
During the analysis of this collection of literature, a number of distinct research themes emerged. 
However, it also became apparent that even within these rather well-defined themes, there was a need 
to provide additional clarity regarding their individual emphases. To fulfill that need, many of the 
themes described in this paper also contain a number of sub-themes, or subdivisions, within them. 
These will provide a greater degree of specificity in providing an explanation of the six research 
themes identified. A graphical depiction of these research themes is presented in Figure 3.

As the scale of the current study is rather large at 325 items, it is impractical to describe each of 
these papers in any detail. However, it is important that some level of detailed explanation is provided 
to convey the importance of this body of literature. As a compromise, a selection of works from each 
area of concentration (sub-themes) is highlighted and discussed and a larger selection is referenced 
for each sub-theme in the tables that follow each sub-section.

Theme: Biology of Vaccines
The first and largest theme in the body of literature centers on the actual biology of vaccines and 
the antigens they protect against (152 papers). Within this theme can be found a number of sub-

Figure 2. Number of publications by year
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themes, the largest of which deals with the prediction of various biological interactions among the 
various components of antigens and antibodies. Within this sub-theme, the largest thread centers 
on the prediction of how certain biological entities will interact. Epitopes, sometimes known as 
antigenic determinants, are the specific place on the antigen that an antibody can attach to in an 
effort to neutralize the attacker (Khanna & Rana, 2017). Kar et al (2018) describe various methods 
to identify likely immunogenic amino acid sequences such as artificial neural networks (ANN) and 
support vector machines (SVM). Rosyda, Adji & Setiawan (2016) use a cascading neural network to 
predict the epitope region on the P24 protein on the HIV virus. A deep neural network tool is used 
by Sher, Zhi & Zhang (2017) on a number of standard protein datasets and was shown to achieve 
substantially better performance than other accepted prediction tools. Additionally, Solihah, Azhari 
& Musdholifah (2020) couple an oversampling technique with a SVM to develop a conformational 
epitope prediction model and a method called BPairwise is developed by Zhang & Niu (2010) to 
predict variable-length epitopes.

Epitopes are composed of proteins, and the next sub-theme focuses on the identification 
and prediction of virulent proteins. Munteanu et al (2014) create a new model using linear 
discriminant analysis to discriminate the 3D structure of lectins (carbohydrate-binding 
proteins) from a collection of protein structures with unknown functions. These are important 
in developing therapies and vaccines for a wide range of cancers, parasitic infections, and other 
diseases. An ensemble of SVM are used by Nanni & Lumini (2009) to predict the functions of 
virulent mechanisms in pathogens by extracting the features directly from the protein’s DNA. 
Singh, Singh, and Sisodia (2019) approach the limiting factor in the utilization of ML in protein 
prediction, the lack of adequate training datasets, by developing a composite model for a multitask 
learning framework. This will facilitate the building and verification of training datasets, thus 
opening additional pathways for protein identification and cataloging. Lastly, El-Manzalawy 
and colleagues (2016) tackle the problem of predicting the existence and character of surface 
proteins on the malaria parasite using a semisupervised ML algorithm.

Figure 3. Research themes and sub-themes
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Peptides are composed of a small number of amino acids chained together and are distinguished 
from proteins by consisting of a smaller number of amino acids, though the cutoff between the two 
is somewhat arbitrary. Peptides bind to the major histocompatibility complex (MHC), which are cell 
surface proteins that bind peptides to the cell surface so they may be recognized by T-cells (Janeway 
et al, 2001). They are important in the identification of cells that should be considered part of the 
organism or possible antigens that need to be attacked. Vang and Xie (2017) use ANN technology to 
predict the binding tendencies of these peptides. Boehm et al (2019) use a similar approach, but use 
public databases describing MHC immunopeptides to train random forest classifiers, a specialized 
form of ML. Liu et al (2020) use a similar approach to identify these MHC binding peptides in the 
course of vaccine development for SARS-CoV-2.

Predicting antigen/antibody interaction is the next area of interest in this subtheme. This is the 
next step after the surveys of epitope and peptide behaviors described above. These studies are also 
applicable to vaccine development beyond those of infectious diseases, such as those for certain 
cancers. For example, Smith et al (2019) use ML techniques to analyze the behavior of tumor antigen 
immunogenicity. Conti and Karplus (2019) use ML to uncover a universal HIV vaccine that would 
neutralize multiple variants of the disease. Focusing on specific antibodies, IgA and IgG, Khanna and 
Rana (2017) use an ensemble ML approach to predict the existence and amount of these in a sample 
dataset. Successful prediction of these antibodies could help formulate treatments and vaccines.

The final thread within the prediction sub-theme contains studies that seek to predict the 
performance, or sometimes lack of performance, of vaccines once they are administered. Examples of 
these include Parvandeh et al (2019) study using ML to predict the antibody response to the influenza 
vaccine, a study by Lee et al (2015) that seeks to understand exactly how the H1N1 influenza A virus 
provides protection for its human recipients, and the effort by Hemedan et al (2020), which attempts 
to predict the existence of vaccine-derived poliovirus outbreaks.

The second sub-theme in the biology theme is the use of Big Data technologies in the description 
and analysis of virus types and components. An important example of this is the use of a novel 
data-mining algorithm to identify the sexual development cycle of the malarial parasite in order to 
facilitate improved vaccine design. Mining of huge libraries of Krönhke pyridines to find keys to the 
production of an arenavirus vaccine is another important application of these tools. Pyridines are 
organic compounds that are important in the creation of pharmaceutical compounds. Other efforts in 
this sub-theme involve the use of datamining samples taken from HIV-positive people to understand 
the exact immunological responses of their individual immune systems to see how they tried to fight 
off the virus, even if unsuccessfully, and a similar effort to mine the compounds from African flora 
with potential to inhibit the activity of the Ebola virus.

The analysis of the actual response to a vaccine, rather than a prediction, is the content of the third 
sub-theme. In some cases, the actual mechanism by which vaccines provide protection is not completely 
understood, so post-vaccination analysis can be useful in subsequent vaccine development as well as 
defining adjuvant therapies. Flanagan et al (2013) derive their understanding of a vaccine response 
by profiling the reaction of the entire immune system rather than only the cellular level of response. 
Pittala, Morrison, and Ackerman (2019) perform this process on humoral immune responses to HIV. 
Chaudhury et al (2020) analyze the effects of adjuvant formulation on vaccine-induced immunity.

Sub-theme four includes those authors whose goal is to provide an overview of the field, either 
as an introductory work or to provide a footing for future research. Some examples of these works 
include Cotugno et al (2015) effort to review techniques for gene expression analysis as part of the 
search for a functional cure for pediatric HIV, Izak, Klim and Kaczanowski’s (2018) review of the 
use of bioinformatics in the definition of host-parasite interactions in the fight against malaria, and 
Olafsdottir, Lindqvist, and Harandi’s (2015) work to define the tools used in the derivation of molecular 
signatures of vaccine adjuvants. These papers and others like them provide a suitable underpinning of 
the use of analytic tools as applied to very specific problems, just as the current project provides a larger 
portrait of the field for a wider view of the use of these technologies in many aspects of vaccinology.
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The last sub-theme in this section is labeled “reverse vaccinology,” which is a term that has 
gained some traction over the past few years. In reality, much of the material reviewed in the current 
theme falls under the heading of reverse vaccinology (RV), which simply means that the search for 
epitopes and their compatible antigens occurs in silico (on computers) rather than in vivo (in living 
organisms). The reason for setting these works aside into a separate sub-theme is because their language 
represents a specific term within the field of vaccinology. This terminology might be used to a) define 
a specific project or effort or b) be used as a specific search term by subsequent researchers. Therefore, 
the topics covered in this sub-theme include the evaluation of different classification algorithms to 
predict protein sequences (Heinson et al, 2019), a comparison of open source RV tools for bacterial 
vaccine antigen discovery (Dalsass et al, 2019), and a description of how ML and RV were used in 
the COVID-19 vaccine development process (Ong et al, 2020). Table 2 presents the works in the 
Biology of Vaccines theme.

Theme: Pharmacovigilance
Pharmacovigilance is the term given to those activities which allow the government and the vaccine 
manufacturer to monitor the performance and side effects of a vaccine, or any drug, after it is approved 
and released. In many cases, the monitoring is done with data submitted to the Vaccine Adverse Event 
Reporting System (VAERS) which is co-administered by the Centers for Disease Control (CDC) 
and the US Food and Drug Administration (FDA). VAERS reports can be submitted by anyone, but 
healthcare providers and drug manufacturers are required by law to submit any adverse events they 
become aware of. This data set is publicly available (vaers.hhs.gov) for viewing or analysis.

With this as background, there are two sub-themes evident in the pharmacovigilance theme, 
applications of Big Data tools to pharmacovigilance and the methods used in performing these tasks. 
The applications of Big Data to this important process form a rather large group of papers (65). A 

Table 2. Papers Included in the biology of vaccines theme

Sub-Theme Author(s)

Prediction of Biological Processes

Epitopes: Kar et al, 2018; Khanna & Rana, 2020; Kim 
et al, 2019; Sher, Zhi & Zhang, 2017; Solihah, Azhari 
& Musdholifah, 2020; Rosyda, Adji & Setiawan, 2016; 
Zhang & Niu, 2010 
Proteins: El-Manzalawy et al, 2016; Munteanu et al, 
2014; Nanni & Lumini, 2009; Singh, Singh & Sisodia, 
2019 
Peptides: Boehm et al, 2019; Degoot, Chirove & Ndifon, 
2018; Henneges, Huster & Zell, 2009; Liu et al 2020; 
Vang & Xie, 2017 
Antigen/Anitbody: Conti & Karplus, 2019; Khanna & 
Rana, 2017; Kim et al, 2018; Nagpal et al, 2018; Smith et 
al, 2019 
Vaccine Effectiveness: Cotugno et al, 2020; Hemedan et 
al, 2020; Lee et al, 2015; Parvendeh et al, 2019

Description & Analysis Kwofie et al, 2019; Miranda et al, 2018; Tumiotto et al, 
2017; Young et al, 2005

Vaccine Responses
Chaudhury et al, 2020; Flanagan, Noho-Konteh & 
Dickinson, 2013; Pittala, Morrison & Ackerman, 2019; 
Tomic et al, 2019

Overviews & Reviews Cotugno et al, 2015; Izak, Kim & Kaczanowski, 2018; 
Olafsdottir, Lindqvist & Harandi, 2015

Reverse Vaccinology Dalsass et al, 2019; Heinson et al, 2019; Ong et al, 2020
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sample of these studies is characterized by studies that determine the safety of a particular vaccine 
(Myers et al 2017; Haber et al, 2019; Haber et al, 2020). Other topics of study within this sub-theme 
include studies that attempt to develop a profile of those who might be at risk with a particular 
immunization, such as a particular pneumococcal vaccine (Yildirim et al 2020; Iqbal et al 2015), and 
studies that seek to link vaccine benefits with ambient conditions such as air pollution (Liu et al, 2020).

The second sub-theme discusses various methods used to perform the pharmacovigilance 
process. Many of these authors describe improved methods of sharing data, such as Briggs’ 
(2017) study on the Standard for Exchange of Nonclinical Data (SEND). Others support the use 
of ontologies as a means to improve the usage of data across disciplines and nations (He, 2014). 
There are also authors who describe various data sources that can aid in pharmacovigilance such 
as the Influenza Research Database (Zhang et al, 2017; Trifiro, Sultana & Bate, 2018). Lastly, 
a number of researchers provide methodological improvements for mining these databases such 
as the effects of timing (Berendsen et al, 2016; Svanström, Callréus & Hviid, 2010; Cai et al, 
2017), sample stratification (Woo et al, 2008), and subgroup analysis (de Bie et al, 2012). Table 3 
summarizes the papers in the Pharmacovigilance theme.

Theme: Public Sentiment About Vaccines
The only way in which vaccines can be effective is to get them into the arms of the people they are 
meant to protect. In some cases, these immunizations are required by law, as in the case of children in 
the US who must be inoculated against a host of childhood diseases before attending school (though 
there exist many exemptions from this requirement). However, many vaccines are administered only 
when the patient consents. In some cases, public sentiment against the use of vaccines can thwart 
the effectiveness of vaccines because of a low acceptance rate. Whether the lack of trust is based 
on fear, misinformation, or other factors, the ability of a pharmaceutical firm, and in some cases the 
government, to engender trust in the public is the key to a successful inoculation program. This theme 
includes those studies that seek to understand the role of public sentiment in vaccine usage and how 
this public sentiment is influenced.

This theme consists of two sub-themes, which are closely related. The first sub-theme concerns 
the role of social media in the shaping and movement of public sentiment both for and against 
vaccines. Certainly, the largest number of these studies focuses on the use of the Twitter platform 
as a communication and influencing tool. Studies that seek to understand the role of tweets in the 
decision to take a specific vaccine make up the largest portion of this group, with studies on the 
usage of influenza (Krittanawong et al, 2017; Kagashe, Yan & Suheryani, 2017; Chan, Jamieson & 
Albarricin, 2020) human papillomavirus (Du et al, 2017; Massey et al, 2016; Dunn et al, 2017), and 
the measles-mumps-rubella vaccine (Pananos et al, 2017) leading the field. Other studies in this sub-
theme center on the relationship between Twitter and the overarching public opinion on vaccinations 
(Tavoschi et al, 2020), partisan politics’ impact on vaccinations (Walter, Ophir & Jamieson, 2020), 
vaccines during pregnancy (Martin et al, 2020), and vaccination-related autism (Tomeny, Vargo & 
El-Toukhy, 2017).

Table 3. Papers included in the pharmacovigilance theme

Sub-Theme Author(s)

Applications of Big Data to Pharmacovigilance Haber et al, 2020; Haber et al, 2019; Iqbal et al, 2015; Liu 
et al, 2020; Myers et al, 2017; Yildirim et al, 2020

Methodological

Berendsen et al, 2016; Briggs, 2017; Cai et al, 2017; de 
Bie et al, 2012; He, 2014; Trifiro, Sultana & Bate, 2018; 
Svanström, Callrés & Hviid, 2010; Woo et al, 2008; Zhang 
et al, 2017
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Not all studies center on Twitter. The content generated on other websites is also of concern. 
Getman et al (2018) study the effect of information from other sources such as Wikipedia and the New 
York Times on vaccine hesitancy, Japanese researchers study the impact of large Japanese datasets on 
vaccine hesitancy (Nawa et al, 2016; Okuhara et al, 2018; Okuhara et al, 2019a) and Meyer et al (2019) 
used the Canadian Broadcasting Corp. website as a target. Some researchers also look at the impact 
of newspapers on the vaccination decision (Okuhara et al, 2019b). Other researchers examine social 
media as a tool to promote on-time vaccinations for children (Chandir et al, 2018; Bell et al, 2019).

The second sub-theme takes as its target the use of bots in the creation of social media posts 
to influence the vaccination decision. Yuan, Schuchard & Crooks (2019) study the communication 
patterns of pro- and anti-vaccine users and the role of bots in shaping those patterns. Kudugunta & 
Ferrara (2018) study the problem of detecting bots so that they might be identified and their content 
flagged or removed from the platform. Table 4 contains the papers contained in this theme.

Theme: Technology of Vaccinology
The specific technologies involved in vaccinology are the subject of this theme. The first sub-theme 
covers the various overviews and reviews that are prevalent in these papers. These reviews vary in 
specificity from taking a very wide view to something very narrow, but in all cases they represent a 
very useful resource for gaining an understanding of the role of information technology, and Big Data 
tools specifically, in the development of vaccines. de Sousa, de Menezes Neto, and de Brito (2013) 
explain the challenges of mining the data generated by the DNA sequencing processes used to predict 
protein behavior. Oberg and colleagues (2015) present some of the lessons learned in dealing with 
high-dimensional, high-throughput data as applied to vaccinomics. Rodrigo and Luciana (2019) discuss 
the applications of next generation sequencing (NGS) in studying host-pathogen interactions. Finally, 
and aptly, Vaishya et al (2020) discuss the role of artificial intelligence in the fight against Covid-19.

Databases play a huge role in computer-aided vaccinology. Because the huge amounts of data 
generated by tools like NGS need to be formatted in a specific way to be ready for various types of 
analyses, the database technologies utilized can make a significant impact on system performance 
(Davies et al, 2007). Tomic et al describe the FluPRINT dataset to enable large studies that explore 
the underlying concepts of the influenza virus from a cellular and molecular level. To bridge the gap 
between the immunology and ML communities, the Dana-Farber Cancer Institute has developed a tool 
to provide standardized datasets to enhance the compatibility of ML-based research in virology and 
immunology. Finally, the National Institutes of Health (NIH) has developed the NIH Immune Epitope 
Database, which contains curated datasets created to enhance the prediction of peptide/MHC binding.

Finally, the third sub-theme includes papers that describe certain architectural aspects of systems 
built specifically for reverse vaccinology research. For example, Dharayani and colleagues (2019) 
describe a MapReduce-based architecture to run the BLAST Algorithm, an open source tool for 

Table 4. Papers included in the public sentiment theme

Sub-Theme Author(s)

Social Media

Chan, Jamieson & Albarracin, 2020; Du et al, 2017; Dunn 
et al, 2017; Getman et al, 2018; Kagashe et al, 2017; 
Krittanawong et al, 2017; Massey et al, 2016; Martin et 
al, 2020; Meyer et al, 2019; Nawa et al, 2016; Okuhara 
et al, 2019a,b; Okuhara et al, 2018; Pananos et al, 2017; 
Tavoschi et al, 2020; Tomeny, Vargo & El-Toukhy, 2017; 
Walter, Ophir & Jamieson, 2020

Bots Bell et al, 2019; Chandir et al, 2018; Kudugunta & 
Ferrara, 2018; Yuan, Schuchard & Crooks, 2019
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comparing biological sequence information. Table 5 displays some of the papers included in the 
Technology of Vaccinology theme.

Theme: Clinical Trials
As the world has witnessed over the past year, clinical trials are at the heart of vaccine evaluation 
and approval. Without data from a sizable group of volunteers who have received the vaccine, there 
would be no basis for the approval and distribution of a vaccine, regardless of how well it performs 
in the lab or in a computational simulation. In this theme, the literature describes the use of Big Data 
technologies in both the pre-trial and post-trial phases of the process. In terms of pre-trial uses, Big 
Data tools have found their way into the process of matching patients to study acceptance criteria 
(Henderson, 2016), supporting sequential patient recruitment, sometimes a result of paused trials 
(Zame et al, 2020), and using deep learning tools to simplify the process of understanding eligibility 
criteria (Chuan, 2018). Moreover, Morgan (2019) uses analytical tools to pinpoint, and reduce, the 
costs of clinical trials, which are more expensive to run than most people expect.

During and after the clinical trial is complete, there are many opportunities to utilize Big Data 
technologies. Lopalco and DeStefano (2015) use datamining techniques to evaluate both Phase 3 
trial findings and post-licensure pharmacovigilance to evaluate the safety and efficacy of a vaccine. 
Machine learning tools are useful when evaluating the actual protection value of the chicken pox 
and shingles vaccines (Gilbert & Luedtke, 2018; Ackerman, Barouch & Alter, 2017). Large database 
access and mining tools make analysis of post-trial data easier and more transparent, as well as making 
the results of these analyses more useful (Zung, 2019). The papers included in the Clinical Trials 
theme are displayed in Table 6.

Theme: Miscellaneous
This theme consists of Big Data tools that are used beyond those activities outlined earlier. These 
applications, though not numerous enough to be given the status of theme, nevertheless are an 
important part of the vaccine process and should be enumerated. Within this theme, there are a number 
of interesting areas of research. Agarwal et al (2020) demonstrate the usefulness of deep learning 
processes to develop a profit function for the pharmaceutical firm. The manufacturing of vaccines is 
the focus of a number of efforts. Wu et al (2019) use a ML approach to perform pose estimation to 

Table 5. Papers included in the technology of vaccinology theme

Sub-Theme Author(s)

Overview

Banerjee, Basu & Nasipuri, 2015; Bragazzi et al, 2018; de 
Sousa, De Menzes Neto & De Brito, 2013; Lalmuanawma, 
Hussain & Chhakchhuak; Oberg et al, 2015; Rodrigo & 
Luciani, 2019; Vaishya et al, 2020

Databases Altmann, 2018; Tomic et al, 2019; Zhang et al, 2011

Architecture Dharayani et al, 2019

Table 6. Papers included in the clinical trials theme

Sub-Theme Author(s)

Pre-Trial Chuan, 2018; Henderson, 2016; Morgan, 2019; Zame et 
al, 2020

Post-Trial Ackerman, Barouch & Alter, 2017; Gilbert & Luedtke, 
2018; Lopalco & DeStefano, 2015; Zung, 2019
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support fully automatic mosquito salivary gland extraction, a step necessary to creation of malaria 
vaccine. Neural network tools are used by Yu et al (2019) to determine the fertility of chicken embryos, 
important for the manufacture of a variety of vaccines.

The sophisticated supply chain necessary to maintain the proper conditions while vaccines are 
distributed, usually focused on the temperature of the vaccine, benefits from the use of Big Data 
tools. Yong et al (2020) suggest a blockchain-based approach to vaccine supply chain management 
using ML tools to analyze the chain’s performance. Sujaree (2019) suggests the use of the max-min 
ant system (MMAS) algorithm to design a vaccine cold chain. Bhattacharjee et al (2015) develop a 
system to integrate the various sources of data generated during the transportation of vaccines in an 
effort to provide a more comprehensive portrait of the transportation process.

The topic of immunization protocols is addressed by researchers using Big Data tools. Chen et 
al (2020) use ML to develop clinical decision support system for shingles vaccination and Hovav 
et al (2017) take a similar approach using health care analytics to support an influenza vaccination 
program. Finally, Bhatti et al (2018) utilize datamining to help create a recommender system to 
support optimal coverage of vaccinations and Clark et al (2011) propose the use of patent data mining 
to find vaccines that can be repurposed for other uses to avoid the time and expense of new vaccine 
development. Table 7 presents the papers categorized in the Miscellaneous theme.

DISCUSSION

The results of this study illustrate the wide variety of uses to which Big Data tools have been put in 
the development and deployment of vaccines. These tools have been used to quicken the development 
of vaccines as well as making them more effective, safer, and less costly. Within these results, there 
are a number of interesting trends and issues that necessitate further discussion. It is apparent by 
the preponderance of the literature that the use of these tools within the biological activities is well 
accepted and a very appropriate application. These tools are designed for the purposes of analyzing 
combinations of many variables such as the combination of epitopes and antibodies. Likewise, the 
second largest piece of the literature centers on the use of datamining technologies to evaluate the 
huge databases that contain data on adverse outcomes from vaccine use. With the other themes being 
much smaller, it seems that the research world has either not seen the need for these tools in these 
various areas or that they have not yet addressed them.

As a tool to understand and plan Big Data implementations, there have been many “stacks” put 
forth by authors across the Big Data and analytics landscape. These stacks are frameworks developed 
to provide a convenient roadmap for researchers, students, and practitioners to follow when designing, 
analyzing, or learning about Big Data implementations and how they can be deployed. For example, 
Frampton (2018) describes a Spark-based stack for the creation of an open source Big Data stack, 
Lu et al (2018) present a Deep Learning Over Big Data (DLoBD) stack that provides a more specific 
approach to combining Big Data with high performance computing and compare performance across 
multiple configurations, and Sakr (2017) analyzes the performance variations between Apache and 
Hadoop – based stacks. For the present study, a Big Data stack might be a valuable lens through which 

Table 7. Papers Included in the miscellaneous theme

Author(s)

Miscellaneous Theme

Agarwal et al, 2020; Bhattacharjee et al, 2015; Bhatti et 
al, 2018; Chen et al, 2020; Clark et al, 2011; Hovav et al, 
2017; Montagna et al, 2020; Pennisi, Russo & Pappalardo, 
2018; Sujaree, 2019; Wu et al, 2019; Yong et al, 2020; Yu 
et al, 2019
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to view the contributions of some of the authors. While it is infeasible to evaluate each contribution 
through this lens, a few examples of each type will be useful. The simplified stack in use here consists 
of four layers:

1. 	 Data Storage: technologies that store huge masses of data such as Hadoop or Amazon S3.
2. 	 Integration & Ingestion: technologies that perform the ingestion and management of data from 

their sources (Ex. Stitch, Apache Kafka) as well as provide Extract, Transform, & Loading (ETL) 
services (Ex. Python).

3. 	 Processing: technologies to perform the calculations necessary to address the research questions 
(Ex. Apache Spark, Map/Reduce, Tensorflow).

4. 	 Analytics: technologies to perform analytical calculations as well as provide visual analytics and 
dashboards (Ex. Tableau, R).

With this framework in place, Table 8 provides some examples of tools in these layers used to 
improve vaccinology. It should be noted that it is unrealistic to describe each study as only using 
one of these layers of technology. In reality, each portion of the stack is being used in almost every 
effort. For example, when an author describes the use of a machine learning tool to predict the 
binding propensity of a peptide, it is assumed that they are also using some form of data storage tool, 
probably employing ETL or other pipelining method to improve the flow, and analyzing results on a 

Table 8. Technology application with reference to big data stack

Layer Author Tool Results

1. Data Storage
Zhang et al, 2016 
Miranda et al 2018 
Massey et al, 2016

Influenza Research 
Database 
Kröhnke Pyridine Library 
multiple data collection 
tools

Describe use of DB 
to enhance research 
collaboration 
Demonstrate value of DB in 
research of arenavirus 
Analyze Twitter data 
to quantify HPV 
communications

2. Integration & Ingestion Briggs, 2016 Standard Exchange for 
Nonclinical Data

Describe use of common 
data format to reduce 
the need for certain ETL 
activities

3. Processing

Dharayani et al, 2019 
Flanagan et al, 2013 
Degoot, Chirove & Ndifon, 
2018

BLAST algorithm on Map/
Reduce platform 
datamining tools 
machine learning

Decreased time required 
to search for genetic 
anomalies 
Improve study of vaccine 
response data 
One of many papers using 
ML to predict peptide or 
epitope interactions

4 Analytics
Woo et al, 2008 
Dunn et al, 2017 
Chandir et al, 2018

visual analytics 
GIS, visual analytics 
predictive analytics

Study the effects of 
sample stratification 
when datamining vaccine 
responses 
Determine impact of info 
exposure on HPV vaccine 
coverage 
Identify children at high 
risk of missing vaccinations
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visualization or analytic platform. The table, and this study, classifies papers based on the technology 
highlighted by the author in terms of their perceived contributions.

The four layers of the Big Data stack are highlighted in Table 8 as a means of further illuminating 
the value of these tools in the development of vaccines. Those authors noted in the Data Layer have 
utilized some form of large dataset as a tool to leverage further research and spur communication 
and collaboration among vaccine researchers. Without these standardized datasets, the complexity 
of sharing data is greatly complicated because of differences in format, labeling, and simple access. 
This leads to the second layer, Integration and Ingestion. This layer could also include tools such as 
data warehousing and the like. While these tools are likely used by most of the researchers in the 
study, they were only noted by one who described the use of the SEND format when sharing data 
across institutions or projects. Using a standard data format removes many of the typical ETL tasks 
involved in making data from external sources useful to a project.

The use of various machine learning techniques is common among those researchers trying to 
predict certain biological aspects of vaccinology but a full comparison of the various

tools and their performance is beyond the scope of this paper. Even though some of the papers 
focused on comparing the performance of specific tools on a single task, the tasks varied across a wide 
spectrum of size and computations, making more global comparisons difficult. However, researchers 
such as Rosyda, Adji & Setiawan (2016) who use a neural network approach to predicting epitope 
activity on the P24 protein of the HIV virus provides an example of how these tools are employed. 
The amino acids within the epitope are first encoded and then used to create a training set for use in 
developing the neural network capabilities. These researchers found that multiple training sessions, 
known as cascade training, provided even better predictive performance and sensitivity.

The same can be said about the use of datamining tools in the performance of pharmacovigilance 
studies. These tools provide an important window into the performance of a vaccine after approval and 
implementation, but the specifics of each study differ widely. Another example of how datamining 
is put to use these tools to analyze data collected from throughout a human body to describe its 
response to a vaccination (Flanagan et al, 2013). These huge and complex datasets can be mined to 
allow researchers to understand on a much broader scale the human body’s response to vaccinations.

The last category, Analytics, comprises all of the tools that researchers might use to analyze the 
results of their computation or try to draw information out of large databases, such as those described 
in the first layer of the stack. In most cases, the actual tool being used is not described fully, only 
the functionalities employed. In many cases, visual analytics are employed to understand patterns 
and relationships in the data or to enable interactions hidden from view to be highlighted in a useful 
manner. An illustration of this approach is the use of visual analytics and Geographical Information 
Systems (GIS) to determine the regional differences in vaccine acceptance based on social media 
data (Dunn et al, 2017). Using GIS tools, the data are not changed or transformed, but displayed in 
such a way that the underlying effects of location can be highlighted to enable easier understanding 
of the differences brought about by that single variable.

There is a large disparity between the number of journal articles and conference proceedings. 
This was surprising because many times, if not most, when information technologies are introduced 
into a new milieu, the initial forays into that area of inquiry happen at conferences. These conferences 
are where new ideas are tried out and then published in journals after they mature. In the present 
case, journal articles are much more numerous than conference papers. This might be an artifact of 
the manner in which the databases are searched or constructed, or possibly the nature of the industry 
in which these efforts take place. It would be interesting to see if other areas of literature in similar 
circumstances exhibit the same characteristics.

Another interesting characteristic of this body of literature is that, unlike other areas of 
technological inquiry, there are many more empirical papers than theoretical. Again, in other 
technological areas of inquiry, early literature is theoretical and/or prescriptive in nature, and then 
become more applied as the field matures (Kasten, 2020). In this case, there are many more empirical 



International Journal of Big Data and Analytics in Healthcare
Volume 6 • Issue 2 • July-December 2021

73

uses of these technologies than prescriptive descriptions of systems yet to be built. Part of the change 
of balance has to do with the huge chunk of literature that deals specifically with analysis of adverse 
events surveillance. But, even when that literature is taken out, the large proportion of applied 
and empirical studies suggest that the researchers in this area have been better able to apply these 
technologies. Perhaps this represents a shortening of the learning curve as big data tools become 
more widely used and understood.

Very surprising is the lack of research surrounding the application of these technologies to the 
topics contained in the Miscellaneous theme such as supply chain management and manufacturing. 
It is hard to believe that the difficulties associated with transporting highly unstable materials such 
as vaccines, with their formidable temperature requirements, would not benefit from additional 
analytical tools and resulting information. The same might be said of the manufacturing function, 
which include very complicated processes and materials. The possibility exists that this research has 
taken place but is not narrowly identified as vaccine related literature, but rather more broadly in the 
realm of pharmaceuticals. Future research will explore this possibility.

Structured literature reviews have their inherent limitations. Choices of databases, search terms, or 
combinations thereof, can have significant effects on the results. This is coupled with the requirement 
that the researcher must exert judgement over which category or theme a particular document belongs 
to. Thus, differences in opinion over a particular document might result in slightly different results 
for a specific researcher. There is also the difficulty that classifying documents into closely related 
sub-themes can be very difficult because they deal with topics that are tightly interconnected with 
overlapping issues. For this study, each document was analyzed to determine what the most likely 
emphasis of the author is. There are many that could have found a home in more than one category 
and that is the very nature of interdisciplinary research. The difficulty in classification is exactly the 
reason for the value brought by this type of research.

CONCLUSION

The current study is intended to create an understanding in the reader of the uses to which Big Data 
tools such as analytics, datamining, machine learning and others within the vaccine development and 
distribution industry. The study also seeks to provide a framework for researchers to perform further 
research, especially in those areas which, as demonstrated by this study, have yet to be thoroughly 
investigated. Further research in this field is required to continue to illuminate the topic of Big Data 
technology in the vaccine industry specifically, and the pharmaceutical industry generally. While 
this would be helpful to researchers, it would also be helpful to practitioners and clinicians who are 
narrowly concerned with a specific aspect of the process and might not have a broader concept of 
the tools and technologies available to them.
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ABSTRACT

In this paper, the authors report the development of machine learning techniques that can help hospital 
authorities assess a patients’ medical condition and also calculate the probability of readmission of 
the patient as inpatient, and thus identify patients with higher risks for readmissions. Factor analysis 
is performed on patient data to understand the severity of mental health, and random forest models 
are used to determine the probability of a patient becoming an inpatient for the next 30/60/90 days 
from their last visit to the physician’s office. The random forest model fits the data with an overall 
OOB error rate of 3.69% and an accuracy of 97.65%. The accuracy on the test data was 96.11%. A 
web application is also developed to provide a user-friendly interface for physicians and administrators 
to interact with and obtain relevant information for a given patient and or a group of patients. The 
web application affords physicians additional inputs to assist in their diagnosis and administrators a 
window into anticipating and preparing for future patient needs.

Keywords
30/60/90 Day Predictions, In-Patient Stay Predictions, Interactive Web App for Predictive Analytics, Machine 
Learning, Mental Health Severity Index

INTRODUCTION

Mental health illnesses are becoming more prevalent (Owens et al., 2019) in the United States. In 
2019, NIH estimates that approximately one in five people or 51.5 million people aged 18 years and 
over suffered from mental and/or substance abuse disorders (MSUDs). Of these adults, nearly 45 
million had a mental disorder alone, 11 million had a substance abuse disorder alone, and 8 million 
had both a mental disorder and a substance abuse disorder. It is further found that disorders such as 
depression, anxiety, and substance abuse are associated with significant distress and impairment, 
including complications with multiple chronic conditions, disability, inability to function in society, 
and substantial economic costs. Sporinova et al. (2019) cite a 3-year adjusted mean cost at $38,250 
for those with a mental health disorder, and $22,280 for those without a mental health disorder. 
According to The American Psychological Association (Winerman, 2017), in the year 2013, $187.8 
billion dollars, including out of pocket expenses, were categorized as costs related to mental disorders. 
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Taking into account additional costs associated with loss of productivity and disability payments, the 
total cost of MSUDs to society is estimated to be more than twice that amount.

Hospitalization is a very important component of treatment plans for individuals with serious 
and persistent illness. However, hospital inpatient stay has become very expensive in countries like 
the USA. According to Lan Liang et. al. (2016), there were over 35 million hospital stays, equating 
to 104.2 stays per 100,000 population. The average cost per hospital stay was $11,700, making 
hospitalization one of the most expensive types of healthcare services.

According to The Piper Report (2020), hospital lengths of stay for mental health (MH) or 
substance abuse (SA) disorders also vary considerably, especially for mental-health related admissions. 
Nationwide, the MH average length of stay is 8.0 days. According to the same Report, MH and SA 
hospitalizations are, on average, less expensive than non-MHSA stays:

$5,700 per MH stay.
$4,600 per SA stay.
$9,300 per stay for all other conditions.
Health Catalyst, in its Newsletter issue May 25, 2017 published an article entitled “Enhancing 

Mental Health Care Transitions Reduces Unnecessary Costly Readmissions” and stated that 
“Nationally, hospitalization for persons with mental health disorders has increased faster than 
hospitalization for any other condition”. Also mentioned is the lack of bed space to admit the patients 
on a timely basis.

Therefore, it becomes necessary to assess the mental health condition of the patients. In the 
current study, machine learning techniques are developed, for associating the patients’ demographic, 
behavioral, psychological and other related data, and to evaluate the probability of hospital inpatient 
admission for these patients. By setting a threshold value for the probability, the medical practitioner 
can assess whether the patient needs inpatient admission or not. It is also interesting to assess the 
level of Mental Health Severity of communities, based on race, gender and patient status by using 
all the complex and rich data that is available. Factor analysis techniques are used here to develop 
a comprehensive Mental Health Severity Index (MHSI) by using the variables and to rank the 
communities. The rest of the article is organized in the following sections: Literature review, Materials 
and methods, Machine learning algorithms used, Results, and Conclusion.

LITERATURE REVIEW

Hyunyoung Baek et al. (2018) applied statistical data mining approaches to analyze the length of 
hospital stay using electronic health records. They identified five significant variables (frequency of 
surgery, frequency of diagnosis, frequency of patient transfer, severity, and insurance type) as most 
relevant to predict the length of stay (LOS). Multiple regression analysis was used for prediction, 
with an R2 of 0.267 and a mean absolute error 4.68. Luc Jansen et al. (2018) studied the extent to 
which medical-psychiatric comorbidities relate to health-economic outcomes in general and in 
different subgroups. Their study indicated that comorbidities such as depression increased the LOS 
for patients by 4.38 days compared to those patients who did not have comorbidities. Tsai et al. (2016) 
applied Artificial Neural Network (ANN) models to predict LOS for cardiac patients with coronary 
atherosclerosis (CAS), acute myocardial infarction (AMI), and Heart Failure (HF). Their study obtained 
accuracy levels of 88.07% to 89.95% for CAS patients at predischarge level, and 88.31% to 91.53% 
at the pre-admission stage. Results for AMI and HF were observed with accuracy levels of 64.12% 
to 66.78% at pre discharge level and at 63.69% to 67.47% at the preadmission state. Mekhaldi et al. 
(2020) applied the Random Forest and Gradient Boosting models to predict length of stay (LOS) in 
a hospital setting. Lin et al. (2016) used multivariate logistic regression model to predict inpatient 
readmission and outpatient admission in the elderly, and expressed that these models provide a basis 
for wider application in National health Service. They predicted Length of Hospital Stay for older 
citizens considering comorbidities, home healthcare, and prior use of healthcare facilities. They applied 
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the Area Under the Curve (AUC) model to determine the LOS and reported the AUC of the inpatient 
readmission model as 0.655 . Gopalakrishna, Ithman and Malwitz (2015) studied the predictors of 
length of stay in acute psychiatric hospitals. They applied regression models with natural logarithms 
of LOS as the dependent variable and age, marital status, involuntary admission and diagnosis of an 
affective disorder or a psychotic disorder as independent variables, which could explain about 20% 
of the variation of the variance of LOS.

Hospital readmissions have received attention from researchers, in view of the cost of such 
readmissions. Upadhyay, Stephenson and Smith (2019) studied the effect of readmission rates on 
hospital financial performance. Their analysis of data, from 98 hospitals in the State of Washington 
from 2012 to 2014, indicated that a reduction in acute myocardial infarction (AMI) readmission rates 
is related with increased operating revenues as expenses associated with costly treatments related 
with unnecessary readmissions are avoided. Cardarelli et al (2018) carried out a quasi-experimental 
study design which assessed implementation of a lay0health worker (LHW) model for assisting 
high-risk patients with their post-discharge social needs. The LHW intervention involved assessment 
and development of a personalized social needs plan for enrolled patients (e.g. transportation and 
community resource identification), with post-discharge follow-up calls, and resulted in a 47.7% 
relative reduction of 30-day hospital readmissions rates between baseline and intervention phases 
of the study. Wan et al (2011) have given an extensive review of preventable hospital readmissions. 
Liu et al (2020) used artificial neural networks (ANN) to predict 30-day hospital readmissions. They 
compared the performance of their models with hierarchical logistic regression models and found that 
the ANNs increased the AUC for prediction of 30-day readmissions. Flaks-Manov, N., Topaz, M., 
Hoshen, M. et al. (2019) suggest that readmission risk identification should incorporate a two time-
point approach in which preadmission data is used to identify high-risk patients as early as possible 
during the index admission and an “all-hospital” model is applied at discharge to identify those that 
incur risk during the hospital stay.

In the field of mental health, Šprah, L., Dernovšek, M.Z., Wahlbeck, K. et al. (2017) have reviewed 
the impact of physical comorbidity variables on readmission after discharge from psychiatric or general 
inpatient care among patients with co-occurring psychiatric and medical conditions. Benjenk and 
Chen (2018) have reviewed Effective mental health interventions to reduce hospital readmission rates.

Researchers (Degenhardt et al., 2019; Wongvibulsin, Wu and Zeger 2020) suggest that 
Random Forest (RF) algorithms are good candidates to address the challenges associated with high 
dimensional and heterogenous data that includes electronic health records. Degenhardt et al. report 
that RF methods have been applied in proteomics. RF has been successfully applied in genetics, gene 
expression, methylation, proteomics, and metabolomics studies. It is a flexible approach that can be 
used to perform both classifications, i.e., predicting case-control status, and regression, i.e., predicting 
quantitative traits. Wongvibulsin, Wu and Zeger (2020) also used the RF algorithm to predict sudden 
cardiac arrests with a high degree of confidence. Based on the included literature review, we find that 
our choice of RF is suitable for this study since a. it is a good technique to use for high dimensional 
data as reported by (Degenhardt et al., 2019; Wongvibulsin et al., 2019) and the data for the current 
study falls under this category, b. the 96.31% accuracy obtained by using RF in the current study 
was higher than those reported from earlier studies using regression analysis (Lin et. al 2016) and 
neural networks (Tsai et al. 2016) produced accuracy levels of 88.07% to 89.95% and c. it has a wide 
applicability as reported in the literature review section.

Our contribution to the literature on predicting inpatient stay is that we address the probability 
of inpatient admission for patients with mental health illnesses using only demographic and psycho-
social data and not requiring clinical data. Additionally, we use two machine learning algorithms, one, 
Factor Analysis to determine the severity of the mental illness for specific population groups of the 
dataset and two, Random Forest to predict the probability of a given patient becoming an inpatient 
in the next 30, 60 or 90 days. We also develop a web application for physicians and administrators 
to search for a specific patient and obtain the probability of that patient becoming an inpatient. The 
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web application also provides group wise information for a specific population from the available 
dataset. It is a useful tool to assist physicians to get an additional input to their diagnosis and can be 
used to prepare a treatment plan for that patient. It also allows administrators to use the tool to plan 
for future resources required using the 30-/60-/90-day search options leading to better patient care.

MATERIALS AND METHODS

Data Description
The dataset used in this study was provided by Lakeview Center, Inc., which is a private non-profit 
organization providing behavioral health care. The data was anonymized by Lakeview Center and 
then provided for purposes of this study, thus no personal information was compromised, maintaining 
strict confidentiality and ethical norms. The data is available in an Excel file and consists of 80849 
observations. The Excel file contains the data relating to daily admissions of patients during the 
period January 2019 to June 2020. This data contains information on 20524 patients with different 
mental disorders. Among the 20524 patients, 2754 (13.42%) patients are inpatients and the remaining 
17770 (86.58%) are outpatients.

Data is collected broadly utilizing three types of forms, viz., psychosocial, service needs 
assessment and SAFET assessment. Psychosocial data relates to items such as Symptoms, Onset, 
Frequency, Severity, Use of Medicines, Previous mental health treatment, and Family history of 
Mental Illness. Service Needs assessment is used to identify strengths and needs of individuals that 
may impact their ability to participate in services. Based on that assessment, the medical practitioner 
would provide case management services to reduce such barriers. SAFET is the instrument used to 
identify homicide & suicide risk that is performed on all clients over the age of 5 years.

Specimen screenshots of each of the three categories are displayed in Figures 1 to 3.
Each observation contains data on 145 variables, relating to ClientID, activityMonth, ZipArea 

and diagnosis in the categories of Psychosocial assessment, Service Needs Assessment and SAFET. 
Out of these, 135 variables are retained for the current study. The above-mentioned client specific 
variables are not used in the model fitting, and seven other variables, with only one value entered, 
are also eliminated.

All the variables contain either character values or numerical values in a scale of 0 to 10. All 
the missing values are filled with the character string ‘Unknown’. Demographic variables such as 
race, sex, and ethnicity contain character data. Variables with values from 0 to 10 denote the ranking 
of the diagnostic test result. Higher ratings represent higher levels of severity of mental illness. The 
variable numinpatientStayLast30 represents the number of times the patient was admitted in the 
hospital as an inpatient during the last 30 days with reference to activityMonth. This variable contains 
values ranging from 0 to the number of times the patient was admitted in the hospital during the 
last 30 days. For patients not admitted in the hospital, these fields are filled with the value zero, and 
for those who were admitted, they are assigned the values 1, 2, 3 ... corresponding to the number of 
times they were admitted.

Data Preprocessing
All the character data is recoded with numerical values. For example, the variable sex is recoded by 
numerical values 1 and 2, 1 for males and 2 for females. Similarly, the other demographic variables 
are also recoded with appropriate numerical values. All the missing values are assigned the value 9. In 
the case of all the other remaining categorical variables having character data, appropriate numerical 
values are assigned. For example, if any variable has character values ‘yes’, ’no’, ’unknown’, recoding is 
done by assigning the numerical values 1, 2 and 9. Variables having numerical values are not modified.

The variable numInpatientStayLast30 contains the number of times the patient was admitted in the 
hospital during the Last 30 days and it takes any value from 0 to any number. This variable is converted 
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into a binary variable, representing the patient status as InPatient or OutPatient, as follows : A patient 
is considered as InPatient if he/she has stayed at least once for one or more days and Outpatient if the 
patient has not stayed at least once. Accordingly, if the variable numInpatientStayLast30 takes any 
value greater than 0, it is converted to 1 (representing Present) and to 0 if its value is zero (representing 
Absent). Thus, the value 1 represents the InPatient status as present (ie. the patient is an InPatient), 
and zero represents the InPatient status as absent (ie. the patient is an OutPatient). This variable is 
treated as the dependent variable and all the remaining variables are treated as independent variables 
in fitting the Random Forest model.

MACHINE LEARNING ALGORITHMS USED FOR THE STUDY

Factor Analysis for evaluating Mental Health Severity Index (MHSI)
Using the variables under consideration, a comprehensive Mental Health Severity Index (MHSI) is 
calculated by the procedure detailed in Prayaga et al. (2020). Factor analysis is a dimension reduction 
technique to reduce a large number of variables into a fewer number called factors. In this study, we 
have used principal component analysis to extract the factors. Factor analysis evaluates three important 
quantities viz., factor loadings, eigenvalues and factor scores. Factor loadings are essentially the 
correlation between the original variables and the factors. Eigenvalues show the variance explained 
by each factor out of the total variance. Factor scores Fj

’s are index variables obtained as optimally-
weighted linear combinations of the variables.

Figure 1. Specimen data entry screenshot of psychosocial data
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The first step in factor analysis is to determine the number of factors to be retained for further 
analysis. The eigenvalues are good indicators for determining the number of factors. Generally, the 
first few factors have eigenvalues greater than one. If the eigenvalue is greater than one, that factor 
should be included, else, it should be discarded. The Scree plot proposed by Ledesma et al. (2015) 
has also been used by researchers to assess graphically the number of factors ‘m’ to be retained for 
exploratory factor analysis. A Scree plot is a line plot of the eigenvalues of factors. In the Scree 
diagram, the number of factors ‘m’ to be retained is obtained as the meeting point of the eigenvalues 
curve and the parallel analysis curve.

The Mental health severity index (MHSIk ) for each patient k is obtained by multiplying the square 
of each retained factor score Fj by the proportion of variance Sj explained by the corresponding factor 
as the weight, and then adding the products as given by the following formula:

MHSI F Sk j

m
j j� � �

�� 1

2
1�							                  (1)

where k = 1…n is the number of patients and j = 1…m is the number of factors
The aggregated mean MHSI values were evaluated for the following combinations of groups:
Race (4 in number) – White, Black, Others (Multiracial, American Indian etc.) and Unknown
Gender (2 in number) – Male, Female
Patient status (2 in number) – Inpatient, Outpatient
This yields 16 mean values corresponding to all possible combinations of 4 races, 2 gender 

classifications and 2 patient status categories (4 X 2 X 2). These final mean MHSI values were then 
used to compare the mental health status among these 16 groups.

Probability Of Admission By Applying Random Forest Models
A random forest (RF) is an ensemble bagging or averaging method that aims to reduce the variance 
of individual trees by randomly selecting (and thus de-correlating) many trees from the dataset, and 

Figure 2. Specimen data entry screenshot of Service Needs Assessment
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averaging them. It is an extension of bagging. Random forest achieves better accuracy by reducing 
variance through the averaging of the prediction of orthogonal trees. It is an ensemble modeling 
technique that combines several machine learning algorithms into one prediction model. Research 
suggests that RFs improve accuracy by reducing the estimator variance by a factor of three-fourths 
(Genuer, 2012). Several recent studies (Blankers et al., 2020), have demonstrated that RFs have been 
very effective in predicting the desired outcomes with a high degree of accuracy. It is for these reasons, 
of reduction in the variance and improved accuracy for high dimensional data, that the Random Forest 
algorithm is chosen in this study.

A Random Forest Model is applied to the cleaned, preprocessed data by considering the 
numinpatientStayLast30 as the dependent variable and all the other variables as independent variables.

An interactive Shiny App is also developed to display the various results of the application 
including the model fitting, its accuracy, the important variables, patients with highest probability 
of admission etc. The Shiny App can also predict the probability of admission for any single patient, 
even in the case of new patients. The development of the Shiny App is also carried out using RStudio 
and is uploaded on shinyapps.io website.

All the statistical analysis, calculation of the MHSI by factor analysis and random forest model 
fitting were carried out using R and associated statistical packages.

Results and Discussion
The percentage distribution of inpatients, by Race and Gender is evaluated and displayed in Figure 4.

In order to compare the mental health severity among the races, genders and patient status 
(InPatient and OutPatient), factor analysis was applied to the data. The six largest eigenvalues obtained 
from factor analysis were 21.653, 3.432, 1.312, 1.129, 1.088 and 1.023, which are all greater than 
1. The corresponding factors were therefore retained for further analysis. The Scree plot technique 
is also used to determine the number of factors to retain, which explain maximum variation in the 
data. Figure 5 shows the Scree plot. It is seen in this figure that the two curves of eigenvalues and 

Figure 3. Specimen data entry screenshot of SAFET
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parallel analysis meet at number of components (or Factors) equal to six, suggesting that six factors 
be retained. As both the eigenvalues and the scree plot have identified the number of factors as 6, it 
was decided to proceed with the first six factors for further analysis.

The results of the proportion of variance explained by each factor and the cumulative variance 
are given in Table 1. As seen in the table, the cumulative variance explained by these first six factors 
is as high as 69.2% of the total variance.

In order to assess the mental health status among communities, the following three groups are 
considered:

Race: Black, White, Others, Unknown
Gender: Male, Female
Patient Status: inpatient, Outpatient

Figure 4. Percentage distribution of InPatients by Race and Gender with numinpatientStay30 = 1.

Figure 5. Scree diagram to identify the number of factors to be retained.
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MHSI scores are evaluated for each patient by using formula (1) given in the Machine Learning 
Algorithms section above. From these individual MHSI scores, the cross tabulated mean scores or 
Mental health severity index(MHSI) scores are evaluated for the above three groups ie. race, gender 
and patient status. These results are presented in Table 2 and a bar plot in Figure 6. From the bar plot 
of Figure 6, it is observed that in general, MHSI scores for inpatients are higher than for outpatients 
in all races and genders. This clearly shows the distinction between the mental health severity for 
inpatients and outpatients.

Table 1. Proportion of variance explained by the six factors

Description      Factor1      Factor2      Factor3          Factor4          Factor5          Factor6

SS loadings      19.347 6.613 6.067 3.103 0.829 0.703

Proportion Var 0.365 0.125 0.114 0.059 0.016 0.013

Cumulative Var 0.365 0.490 0.604 0.663 0.678 0.692

Table 2. MHS Index race-wise, gender-wise and patient-status-wise

     Patient status      Gender      Race MHSI Score

Outpatient Male Unknown 0.7155423

Outpatient Male Others 0.7728059

Outpatient Male Black 0.7266442

Outpatient Male White 0.6436330

Outpatient Female Unknown 0.6881292

Outpatient Female Others 0.7507318

Outpatient Female Black 0.5957075

Outpatient Female White 0.5739292

inpatient Male Unknown 1.1698302

inpatient Male Others 1.2524319

inpatient Male Black 1.3929018

inpatient Male White 1.6482094

inpatient Female Unknown 0.9796764

inpatient Female Others 1.2876218

inpatient Female Black 1.2092737

inpatient Female White 1.4706496
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To assess the mental health severity among the inPatients, a bar plot of MHSI scores is shown 
for inPatients only in Figure 7, which displays the MHSI scores of inPatients belonging to different 
races and genders. From this plot, it is observed that in each race among inPatients, the MHSI scores 
for males are slightly higher than those for females, except in the case of the Others category. It is also 
observed that among the races and genders, white males and white females appear to have slightly 
higher mental health severity scores than all other categories of inPatients.

Random Forest Model Results
A Random Forest model is fitted to the training dataset to evaluate the probability of admission as 
InPatient. Results of the fitted model for the training dataset are presented in Table 3. These results 
contain the confusion matrix and the Out Of the Bag(OOB) estimate of error rate. The Random 
Forest model fitted the training data very well with an overall OOB Error rate as low as 3.69% and 
an accuracy of 96.31%.

The fitted model is then applied to the test dataset and the confusion matrix is generated to test 
the accuracy of the model for the test data. These results are presented in Table 4. In the test dataset 
also, the accuracy is 96.11%, as can be seen from these results.

The Random Forest model also identified the variables of importance based on the 
meanDecreseGini criterion (Breiman, 2001). Figure 8 shows the top ten variables identified by 
the Random forest model based on this criterion. From this plot, it is observed that the variables 
mhIssueSeverity, hasDrugUseAterWalking, hasCriticizedrug, doesWantReduceDrug etc. are the most 
important variables for classification and for evaluating the probabilities. Most of these important 
variables relate to the severity of mental health and drug abuse and the study has highlighted the fact 
that drug related variables contribute more towards the severity of mental health.

Figure 6. Bar Plot of MHSI Scores for different races, genders and patient status
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Figure 7. Bar Plot of MHSI among inpatients – races and sexes

Figure 7a.

Figures 7b.
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To evaluate the performance of the Random Forest model, the Receiver Operating Characteristic 
(ROC) curve is developed, and the Area under the Curve (AUC) is evaluated (Kun-Pie Lin et al., 
2016). These results are displayed in Figure 9. From this plot, it is observed that the AUC value = 
0.919, which is quite high, indicating that the Random Forest model has separated the two categories 
inpatient and outpatient very well, and the accuracy of the model is quite high.

Shiny App for Probability Predictions
A Shiny app is developed to interactively view the Random Forest model results and to predict the 
probabilities of admission of the existing clients and new Clients. The shiny app is hosted on shinyapps.
io website and has eight menu options as shown in Figure 10.

The first Menu “About” of the app displays information about the details of the shiny app as 
sgown in Figure 10. The second Menu “Data Details” gives details of the dimensions of the data 
such as number of observations, number of variables, storage requirements, etc. The third menu 
option, “Explore Data,’’ displays the first few records of the dataset utilized. The fourth Menu option, 
“R.F.Model’’ displays the results of the Random Forest model, the OOB estimation of Error rate, 
the Confusion Matrix, etc., as shown in Figure 11. As seen in this plot, the model has fitted the data 
very accurately with an overall OOB estimation of an Error rate of 3.51%.

Figure 8. Importance of Variables graph by Random Forest Model

Figure 9. ROC Curve for the Random Forest Model
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The fifth Menu, “Imp Variables,’’ displays the top 10 important variables identified by the 
Random Forest Model. The sixth Menu, “Top Clients,” displays the top 1000 clients with the highest 
probabilities of inpatient admission. It shows a table consisting of the clientID column and the column 
of the corresponding probability of inpatient admissions.

The seventh Menu option, “Predictions,” displays an interactive screen, as shown in Figure 12. 
On the left side of the Menu, the user can select one of the options: inpatient30 Model / inpatient 

Figure 10. Display of the Main Menu of the Shiny App

Figure 11. Display of Shiny app Random Forest model Results 
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60 Model/ inpatient 90 Model for 30/60/90 days stay from the “Select your Model” radio buttons. 
A list box “Select Client” is provided to select any clientID from the existing clients for whom 
the probabilities of inpatient admissions are required. Once the clientID is selected, the text box 
“Prediction Probabilities” is displayed, consisting of the probabilities of inpatient admissions. This 
text box displays a table with the results clientID, activityMonth and the corresponding probability. 
As the input data consists of various admission records of the same patient at different dates, denoted 
by activityMonth, this table displays the probabilities for all these different dates of admission.

The user can select any other model and any clientID, and the Shiny App automatically recalculates 
the probabilities for the selected options and displays the results. From the plot of Figure 12, one 
can see that for the client with clientID 14, the prediction probability for activity-month 2019-10 is 
0.626, and for the activity month 2020-5 it is 0.686.

The eighth Menu option, “New Clients,” allows the user to upload the data of new patients and 
view the probability of that patient becoming an inpatient. .

Conclusions
An attempt is made in this study to evaluate the probability of patient admission as inpatient utilizing 
the data collected from Lakeview Center Inc. The distribution of patients with mental health disorders 
is evaluated race-wise, gender-wise and patient-status-wise. A novel Mental Health Severity Index 
(MHSI) is developed using factor analysis. Utilizing the MHSI scores, the mental health status of the 
patients is studied for the categories of race, gender, and patient status. It was found that both male 
and female Caucasian patients appear to have slightly higher mental health severity index compared 
to other races. The mental health severity of InPatients is higher than the OutPatients.

The machine learning technique RandomForest (RF) model is applied to the patients data to assess 
the probability of readmission. The Random Forest Model has identified the variables mhIssueSeverity 
(mental health severity) and other drug abuse related variables as important variables for classification. 
It appears that drug abuse related variables play an important role in mental health severity. The RF 

Figure 12. Display of Predictions screen of shiny app
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model could accurately classify the patients with an overall OOB estimate of Error rate of 3.51%. 
The accuracy of the model is tested by various metrics including confusion matrix, OOB Error rate, 
ROC Curve and Area Under the Curve (AUC) and all the metrics have yielded high values indicating 
the accuracy of the fitted model. An interactive shiny app is also deployed on shinyapps.io website 
to display the results of the Factor Analysis model and the results of Random Forest model.

A limitation of the study is the unavailability of clinical data; we plan to acquire clinical data 
and study the impact of comorbidities on readmissions of patients with mental illnesses.
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